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ABSTRACT

Enhanced oil recovery (EOR) processes produce oil that conventional methods
leave behind, where interfacial forces, heavy oil viscosity, and reservoir heterogeneity
make it difficult to produce. Many EOR methods are available but usually cannot be used
at the same time for a candidate reservoir. Therefore, it is important to select the most
appropriate EOR process from among the possible techniques. EOR screening criteria
have been created using EOR datasets and serve as the first step to compare the
suitability of each technique for a specific reservoir. Most of these datasets are based on
field data collected from EOR surveys published in the Oil & Gas Journal and therefore
are limited because they lack data from laboratory experiments and do not represent more
recent research efforts. This project proposes a comprehensive study of data related to
polymer flooding technology, from laboratory, pilot, and field applications. The project
starts with intensive analysis of polymer flooding as a specified knowledge domain,
extracting major concepts in the domain and data that can be generated from or by
laboratory experiments, pilot and field applications. One of the goals of this project is to
have easy access of polymer flooding techniques such a specialized domain to the public.
Therefore, semantic modeling techniques are applied to construct semantic models based
on the relations among the major concepts and measuring data. The models will also be
published as one part of an ambition to build a semantic knowledge repository for EOR
technologies. Then, laboratory data and pilot and field application data were collected
and analyzed. Methodologies that can be applied to improve data quality have been
studied and investigated; and screening criteria have been updated; and potential
prediction methods based on the data we have are studied and investigated.
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1. INTRODUCTION

1.1. STATEMENT AND SIGNIFICANCE OF THE PROBLEM
Constructed semantic models will contribute to the bigger plan for the semantic
model for all EOR techniques that is accessible to all the potential users, which has never
been done before based on the literature study. The bigger plan is to construct a semantic
model that can network all relevant data and sources related to EOR to improve the
visibility and accessibility of those critical knowledge and information.
Screening criteria allow for the evaluation and selection of the most appropriate
EOR processes for a particular reservoir. All recently published screening criteria
regarding polymer flooding were based on data collected from the bi-annual EOR
surveys of the Oil & Gas Journal or specific field. These data have quality problems that
previous research has not addressed. In addition, the data have two limitations.
Firstly, they do not include some important information for polymer flooding screening,
such as formation water salinity, divalent concentration, polymer type and concentration.
Secondly, the field data do not represent recent polymer flooding technology
development because many new polymers are in the stage of lab evaluation and pilot
testing. To overcome these data quality problems and limitations, a new dataset is
necessary to establish for polymer flooding project design. Until now, laboratory data has
been used very little in EOR screening. Therefore, this project proposes to develop a new
set of screening criteria for polymer flooding based on all available data.

1.2. OBJECTIVES
The primary objective of this project is to construct semantic models and to
propose screening criteria for polymer flooding based on a comprehensive dataset that
includes data from laboratory, pilot, and field tests. This analysis will help to identify any
difference between various types of data in terms of their effect on the polymer flooding
technique selected for a candidate reservoir. Specific objectives include the following:
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To provide detailed illustration of relations of concepts in the laboratory experiments,

pilot and field applications, and to reveal the comprehensive picture of polymer flooding
as a technical domain.


To provide comprehensive methodologies and detailed procedures for cleaning EOR

project datasets as the first step in analyzing the EOR data and establish screening
criteria.


To use the information from the dataset to predict oil recovery for polymer flooding

processes.

1.3. SCOPE OF WORK
This project aims to construct a comprehensive picture of polymer flooding as a
technical domain, which is intensively studied and investigated academically and
practically, and proposes the generation of various types of datasets that can be used to
address issues, such as data quality and analysis, screening criteria, and prediction. These
overall datasets will include laboratory, pilot, and field datasets. The laboratory dataset
will be based on polymer flooding and will include data regarding hydrolyzed
polyacrylamides (HPAM), xanthan gum, and associating polymers. The pilot and field
datasets have not been classified based on polymer types because most polymers used for
the field projects was polyacrylamide polymer. Statistics for each dataset will be
determined separately from a graphical perspective before being compared. Two tasks
required to accomplish the objective have been completed so far. Figure 1.1 shows the
workflow for this project.

3

Figure 1.1. Project dataset
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2. LITERATURE REVIEW

Oil can be produced through three mechanisms: primary, secondary and tertiary.
Usually, primary recovery methods can produce 5 to 15% of the original oil in place
(OOIP) (Tzimas, et al., 2005).

The primary methods can include natural drive

mechanisms, water influx, solution gas, gas cap drives, gravity drainage, or a
combination of these. Secondary recovery methods such as water and gas injection, can
either raise or maintain reservoir pressure and thus produce more oil. Primary and
secondary recovery methods usually leave behind two thirds of OOIP. The remaining oil
is located in both regions of the reservoirs difficult to access as well as in pores as a result
of capillary pressure and wettability. The factors that lead to high remaining oil saturation
after primary and secondary recovery are interfacial forces, high oil viscosity and
reservoir heterogeneity. Tertiary oil recovery (also called Enhanced oil recovery (EOR))
techniques are used to displace and recover the remaining oil. These methods are
classified to five categories, Gas-based EOR (Miscible and Immiscible gases), waterbased EOR (Alkaline, Surfactant, Polymer, Miceller, and Low Salinity Water), thermal
based EOR (Steam, In Situ combustion, Hot Water, and Electrical Heating), others
(MEOR, and Modified Enzyme), and combination methods as shown in Figure 2.1
(Aladasani & Bai, 2010). This project will focus on polymer flooding.

Figure 2.1. Enhanced oil recovery ( Modified from Aladasani & Bai, 2010)

5

One important Enhanced oil recovery (EOR) techniques is polymer flooding
(Water – soluble polymers). Polymer flooding has been used as an EOR technique since
the early 1960s (Sandiford, 1964). To improve efficiency of water flooding, some
additives added to water. Detling (1944) suggested raising water viscosity to improve
efficiency of water flooding (Sandiford, 1964). He listed the use of such materials as
sugar, glycerin, water-soluble polymer to increase viscosity of water. Very small amounts
of polymer may be added to water, to improve inefficiency of water. The inefficiency of
water is due to unfavorable mobility ratio between oil and water. The major problem in
water flooding is fingering that causes the water break through to the production wells.
Polymer flooding can improve the mobility ratio between oil and water front. Due to that
a sweep efficiency and oil recovery will be increased. Polymer flooding has improved oil
recovery by 5 to15% of original oil in place (OOIP) (Zaitoun et al. 1998; Wang et al.
2002).
Polymer flooding is a water –base method used to improve the sweep efficiency
of water flooding by reducing the brine mobility. Water-soluble polymers have been
widely used in many chemical flooding projects (Polymer, Miceller/Polymer,
alkaline/polymer and Alkaline/surfactant/polymer) to improve and increase ultimate oil
recovery (Chang 1978; Holm 1982; Widmyer et al., 1988; Fanchi & Carroll, 1988;
Needham & Doe, 1987; Huang & Dong, 2004). Water-soluble polymers have also been
used to improve sweep efficiency by increasing the viscosity of water. Barnes (1962)
proposed using a viscous water slug to improve water sweep efficiency in reservoirs
partially invaded by bottom water. The result of his study indicated that the use of
viscous water slugs does increase ultimate oil recovery. In the Daqing oil field (in China),
the oil recovery is 12% higher when using polymer flooding than water flooding and the
oil increment is 120 tons for every ton of polymer injection (Yabin et al. 2001).

2.1. SEMANTIC MODEL
Semantic modeling is a technique that constructs flexible relations among
concepts and data in a particular domain, as polymer flooding in this research. Semantic
modeling techniques use the simplest data structure to reflect all the relations in the
universe. The structure is simply prevalent in use daily for anyone: subject, predicate, and
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object. As an example, <Polymer_Flooding, is_a, EOR> for describing that polymer
flooding is

a type

of EOR techniques;

and <Randy_Seright, expertise_in,

Polymer_Flooding> and <Randy_Seright, affiliate_with, PRRC> for describing that Dr.
Seright is an expert in polymer flooding and he affiliates with Petroleum Recovery
Research Center (PRRC) in New Mexico. It is obvious that semantic models utilize a
natural language representation and an easy to understand for everyone; in addition, due
to the simplicity of the triple structure, semantic models can describe any relations and
the relations can be extended with a great flexibility. Semantic modeling techniques are
developed with the World Wide Web tide, and the models constructed using semantic
technologies are registered and published globally. It provides easy access of the
expertise to the public.
Semantic modeling has been an intensive research topic for integrating medical
records and relevant data (Fieschi, 2002; Garde, et al., 2007; Wolstencroft, et al., 2005),
geographic information systems (Agarwal, 2005; Arpinar, et al., 2004; Deliiska, 2007),
and even in government management (Verbbek & Rensen, 2008). In the oil and gas
exploration and production (E & P) sector, semantics is beginning to play an important
role in automated drilling report generation (Giese, et al., 2012), data aggregation
(Sadlier, et al., 2012), daily operational monitoring (Hepsoe et al., 2012), optimization
(Perry et al., 2004), collaborative integrated operations (Fjellheim, et al., 2010) and
effectiveness of semantic models in drilling operation management (Islam & Skalle,
2008). Industry is discussing how to effectively manage the knowledge in decades of E &
P practice and how to deliver prompt technology and knowledge exchange or transfer
(Donohue, et al., 1997). The problems facing the industry are that: a) oil and gas industry
professionals have little, if any, time to review the wealth of technical information
available; and b) technical information is loosely organized, in varied formats, and
difficult to retrieve and digest. Soma (Soma, et al., 2008) also advocates the application
of semantics in the E & P to overcome above mentioned problems in knowledge
management. Standards towards varied domains in the E & P are the outcomes of current
efforts, including Wellsite Information Transfer Specification (WITS), Wellsite
Information Transfer Standard Markup Language (WITSML), Log Interface Standard
(LIS), Digital Log Interface Standard (DLIS), and others. The main goal of these
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standards is to regulate the domain knowledge for knowledge exchange in application
development and decision making. They provide common agreement in specified
domains, thus stimulate effective communication between information systems and
between daily users and information systems.

2.2. EOR SCREENING METHODS
The choice of an EOR technique for a candidate reservoir is dependent on
technical and economic feasibility (Taber, 1997). Technical feasibility refers to petrophysical parameters which describe the reservoir and fluids such as depth, oil viscosity,
temperature, etc. Economic feasibility refers to financial aspect if the project is profit or
not. The first step to select EOR technique is using screening criteria, which have been
used to evaluate a number of reservoirs for proper EOR techniques.
Screening criteria consider the characterizations of a reservoir such as oil and
reservoir properties since the characterizations of a reservoir play a dominant role in the
success or failure of the EOR process. Most of the EOR screening criteria have been
developed by analyzing the data about crude oils, reservoir properties and reservoir
temperatures from successful and unsuccessful worldwide projects. EOR screening
criteria were developed by defining the ranges of parameters that are important to the
success of an EOR method. EOR screening criteria were presented by different
approaches such as table, graphical, matrix, etc.

2.3. POLYMER FLOODING SCREENING
Over the past 20 years, many researchers have developed and published technical
screening criteria for different EOR techniques. Because this research focus on polymer
flooding technique, Table 2.1 shows the screening criteria for polymer flooding published
by different investigators. The first EOR screening study was presented by Brasher and
Kuuskraa (1978) using data collected from 200 EOR pilot projects in the USA. They
analyzed the data from both a technical and an economic perspective. Carcoana (1982)
presented screening criteria for some EOR techniques based on the knowledge of
reservoir properties and the results obtained from commercial applications of EOR
techniques in Romanian oil fields. In this screening, the temperature and depth were less
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than 180 oF and 6,562 ft, respectively. Taber (1983, 1997) proposed screening criteria
based on field data and oil recovery mechanisms for common EOR techniques. This
study considered the 1996 Worldwide EOR Survey to summarize the criteria. Taber’s
criteria for polymer flooding include that the maximum oil viscosity should be less than
150 cp, and reservoir permeability should be greater than 10 md. He presented the
screening criteria both graphically and in tables. Goodlett et al. (1986) presented
screening criteria based on a summary of previously published screening criteria for
chemical, gas injection, thermal, and microbial EOR techniques. Al Bahar et al. (2004)
illustrated criteria for each EOR technique based on the literature and his own experience.
He utilized software to evaluate the suitability of these criteria for EOR processes at 81
reservoirs in Kuwait. Dickson et al. (2010) presented screening criteria for various gas
injection, chemical and thermal techniques based on a combination of experience and
values published in the literature. Aladasani and Bai (2010, 2011) updated EOR
screening criteria based on the raw data of EOR projects reported in EOR survey Oil &
Gas journal from 1998 through 2008. However, a mistake was made when they converted
temperature from ˚C to ˚F, which made the temperature criteria up to 237.2 ˚F.
In addition, a novel improved hydrocarbon recovery (IHR) screening methodology has
been developed to identify the appropriate process for any number of reservoirs.

Table 2.1. General Screening Guide for Polymer Flooding
Oil

Oil

Viscosity,

Saturation

cp

Start,%

15

<200

50

>20

<200

1982

-

50-80

>50

>50

1986

> 25

<100

>10

>20

Taber

1997

> 15

10-100

>50

Al-Bahar

2004

-

<150

>60

Published

Gravity,

Year

API

Brashear

1978

Carcoana
Goodlett

Author

Average Permeability,

Temperatur

Depth,

SPE

ft

No.

NC

6350

<180

<6562

10699

<200

<9,000

15172

>10

<200

<9,000

35385

>50

<158

-

88716

md

e, oF

>100 if (10 <µ <100 )
Dickson

2010

> 15

10-1,000

>30

>1,000 if (100<µ

<170

<1,000)
Aladasani
& Bai

2010

13-42.5

0.4-4000

34-82

1.8-5500

74-237.2

8009,000
7009460

129768

130726
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2.4. EOR PREDICTION METHODS
Future performance is very important to evaluate whether an EOR is successful or
not. The most important step in prediction is to determine the amount of oil that can be
recovered after applying an EOR process. EOR prediction methods can be divided into
three methods: analytical methods, empirical methods, and numerical models.
Analytical methods were used to predict the amount of oil that can be recovered. These
methods depend on the reservoir’s actual characteristics. Most analytical methods were
derived from theoretical calculation based on fractional flow theory (Buckley and
Leverett, 1942; Welge, 1952; Welge et al., 1961). The fractional flow theory was derived
to predict the performance of water and gas displacement processes. Patton et al (1971)
developed an analytical solution based on fractional flow. The solution was developed to
provide a quick estimate of incremental oil recoverable by polymer flooding. Additional
analytical methods were proposed for other EOR processes as well (Koval, 1963;
Claridge, 1972). Koval, 1963 suggested a K-factor method to the predication of unstable
completely miscible displacements in heterogeneous sands. Claridge, 1972 developed an
analytical correlation to calculate oil recovery for a series of a slug sizes in a five spot
CO2 pilot test.
Empirical methods were used to determine the predicted performance of a flood.
The prediction was based on the actual available data from laboratory experiments and
/or fields. Most of the empirical methods in literature are intended for waterflood
performance (Schauer, 1957; Guerrero and Earlougher, 1961; Bush and Helander, 1968;
Wayhan et al., 1970; Khan, 1971).

No empirical methods are available to predict

polymer flooding performance.
Numerical simulation is the most method used to predict the recovery and
performance of EOR processes. The advantage of this method is that it can accurately
predict an EOR performance for complex reservoir and operation conditions. But the
method is usually time-consuming and requires the collaboration of expertise in reservoir
and geology. Numerical models were used to develop a correlation for predicting oil
recovery for different EOR processes such as the prediction model for Miceller-Polymer
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flooding and steamflood (Gomaa, 1980; Paul et al., 1982; Aydelotte, 1983), and In-Situ
combustion and CO2 miscible flooding (Brigham et al., 1980; Paul et al., 1984).
The section briefly introduces the EOR methods that are used to improve oil
recovery. The criteria of polymer flooding were reviewed. The prediction methods that
have been used for EOR performance were summarized.
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3. SEMANTIC MODELS FOR POLYMER FLOODING TECHNOLOGY

This chapter includes a discussion of important concepts in the field of polymer
flooding. Based on these concepts, two types of semantic models and a domain ontologybased model were constructed to provide the hierarchical knowledge structure or network
in the selection domain. Furthermore, two application semantic models were constructed
to accommodate the field polymer flooding application data and laboratory data.

3.1. INTRODUCTION
Semantic models, also called ontologies, use a simple yet sophisticated data
structure to express the complicated relationships among entities that occur in any natural
language. The objective of ontologies is to specify the conceptualization results of
selection domains.
An ontological or semantic model documents a shared understanding of a
selection domain and aims to reduce or eliminate conceptual and terminological
confusion by building hierarchical structures of the concepts and their relationships with
one another. Such a hierarchical structure assists in forming a unified conceptual
framework to foster: a) communication and cooperation among people, b) better
enterprise organization, c) interoperability among IT systems, and d) multiple system
engineering benefits, such as reusability, reliability, and specification (Missikoff et al.,
2003).
In reviewing the polymer flooding technology as a domain of knowledge,
semantic models were employed to reveal the main concepts and their relationships from
varied perspectives. This study focused on the construction of two semantic models, one
for the domain of polymer flooding conception, including EOR polymer agents, polymer
flooding mechanisms, polymer bulk properties, and polymer behavior in porous media,
and the other for the domain of polymer projects, including field and pilot polymer
flooding application projects, and laboratory experiments for polymer flooding, as shown
in Figure 3.1.
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Figure 3.1. Hierarchical semantic model for polymer flooding

3.2. CONCEPTION SEMATIC MODEL
Semantic models can be classified into different levels that accommodate
different degrees of detail for a selection domain. The domain semantic model consists of
main concepts and their relationships with one another in the selection domain. For the
domain of polymer flooding conception, a domain semantic model includes the main
concepts and their relationships. Semantic models are presented for the polymer agent,
polymer EOR mechanism, polymer bulk properties, and polymer behavior in porous
media.
3.2.1. Polymer Agent Model. The ontological structure for a polymer EOR agent
includes three main classes, polyacrylamide (HPAM), polysaccharide (XC), and
associative polymer (AP), as shown in Figure 3.2. Each class contains concepts,
necessary to describe various aspects of the polymer agent.
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Polymer
Agent Model

HPAM

XC

AP

Figure 3.2.Semantic model for polymer agents

The word polymer comes from the Greek words polys, meaning many, and meros,
meaning parts (Chatterji & Borchardt, 1981). A polymer is a very large molecule made
up of thousands of repeating blocks. These blocks, known as monomers, join to form
polymers, resulting in long chain molecules. A polymer is a homopolymer if it has one
monomer, an adimer if it has two monomers, and a copolymer if it has two different
monomers. Copolymers are used commonly in polymer chemistry to represent the joining
of two different monomers. Polymer molecules are soluble in water due to the hydrogen
bonding between water moleculesandthepolymer’spolarsidechains(Donaldsonetal.,
1989), which increases the water viscosity. Polymer flooding processes use many
molecules of a high molecular weight to alter the flow of water.
Polymers often are used in drilling as either fracturing or completion fluids, and in
injection well profiles as blocking agents (Chatterji & Borchardt, 1981; Taylor & NasrEl-Din, 1995). To control mobility, however, the polymers most widely used in oil field
recovery projects include hydrolyzed polyacrylamides (HPAM), polysaccharides (e.g.,
xanthan gum), and hydrophobically associating polymers (AP). A variety of these
polymers are available from different manufacturers.
3.2.1.1 Hydrolyzed polyacrylamide (HPAM). Polyacrylamides (PAM) are
synthetic polymers available in both powder and liquid (emulsion) form (Needham &
Doe, 1987; Chang, 1978; Donaldson et al., 1989). These polymers are manufactured in a
variety of ways to yield a wide range of physical and chemical properties that make them
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candidates for many different oilfield applications. Polyacrylamides are made through the
polymerization of acrylamide monomers (Gao,1987; Foshee et al.,1976).
Polyacrylamides adsorb onto mineral surfaces of porous media; to reduce polymer
adsorption, the macromolecules undergo a process of hydrolyzation. In this process, the
polyacrylamide molecules react with a base (sodium hydroxide, sodium carbonate, and
potassium hydroxide), which converts some of the amide groups (CONH2) into carboxyl
groups (-COO-) (Aluhwal, 2008; Green & Willhite, 1998; Muller et al., 1981; Flory,
1953; Martin & Sherwood, 1975), as shown in Figure 3.3.

Figure 3.3. Structure of polyacrylamide and partially hydrolyzed polyacrylamide
(Aluhwal, 2008)

Hydrolyzed polyacrylamide adsorption on the rock surface decreases because
both the carboxyl groups and the mineral surfaces have a negative charge (Aluhwal,
2008; Green & Willhite, 1998; Hirasaki & Pope, 1974). In addition, partially hydrolyzed
polyacrylamides can increase the viscosity of water more than unhydrolyzed
polyacrylamide due to the electrical repulsion between the negatively charged
carboxylate groups on the polymer chain. This repulsion causes the polymer chains to
extend, thus increasing both the fluid mechanical volume of the polymer and the viscosity
(Martin & Sherwood, 1975; Yabin et al., 2001). The viscosity of the salting solution
decreases because the salt ions weaken the electrostatic resistance among the chains,
causing them to coil. This coiling effect first decreases the fluid mechanical volume and
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then the viscosity of the salting solution. The degree of hydrolysis is measured by the
ratio of the number of carboxylate groups to the number of acrylamide and carboxylate
groups (Gao, 1987). While it is important to hydrolyze the polymer to prevent adsorption,
ifthedegreeofhydrolysisisinsufficient,thepolymer’ssolubilitywilldecreaseinwater.
If the degree of hydrolysis is excessive, the polymer’s viscosity will decrease due to
sensitivity to hard water (Green & Willhite, 1998; Ahmad, 2000; Wang et al., 2003;
Sheng, 2010). The optimum degree of hydrolysis is between 15% and 33% (Green &
Willhite, 1998).
An HPAM with a greater degree of hydrolysis will cause greater viscosity reduction in
the presence of divalent ions. This reduction is caused by the interaction of a larger
number of anionic and cationic species (Martin & Sherwood, 1975; Ward et al., 1981).
The viscosity decreases as the salinity increases, as shown in Figure 3.4 (Dong et al.,
2008).

Figure 3.4.Viscosity of hydrolyzed polyacrylamide in distilled waters
(Dong et al., 2008)

Many researchers have studied the effect of both divalent and monovalent ions on
the viscosity of HPAM (Mungan, 1972; Ward et al., 1981; Martin & Sherwood, 1975;
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Jennings et al., 1971). Previous research has proven that divalent cations reduce the
solution viscosity of HPAM more so than monovalent cations. Furthermore, calcium ions
(Ca 2+) affect viscosity loss more than magnesium ions (Mg2+) (Ward et al., 1981).
Martin and Sherwood (1975) studied the effect of the hydrolysis of a
polyacrylamide on the solution’s viscosity. The results indicated that the behavior of
polyacrylamide depends on both the nature and extent of the hydrolysis of the polymer
molecule. The higher the percent of hydrolysis, the more the polyacrylamide is affected
by the divalent ions (Ca2+ and Mg2+), as shown in Figure 3.5.

Figure 3.5.Viscosity of hydrolyzed polyacrylamide in calcium chloride waters
(Martin & Sherwood, 1975)

In addition, hydrolyzing polyacrylamide will increase the viscosity in fresh water
and sodium chloride (NaCl) brines, as shown in Figures 3.6 and 3.7.

Figure 3.6.Viscosity of hydrolyzed polyacrylamide in distilled water
(Martin & Sherwood, 1975)
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Figure 3.7.Viscosity of hydrolyzed polyacrylamide in sodium chloride brines
(Martin & Sherwood, 1975)

3.2.1.2 Polysaccharide (e.g., xanthan gum). Xanthan, a biopolymer used in field
recovery projects, is supplied as either a dry powder or a concentrated broth (Green &
Willhite, 1998). Polysaccharides are produced from a micro-organism fermentation
process that uses the bacterium xanthomonas campestris (Needham & Doe, 1987;
Salamone & Clough, 1675). The basic polymer structure is composed of three different
saccharide monomers, mannose, glucose, and glucuronic acid (sugar molecules). Side
chains, as shown in Figure 3.8, give the molecule a rigid, helical structure.

Figure 3.8. Molecular structure of xanthan gum (Aluhwal, 2008)

These side chains shield and protect the backbone of the polymer molecule from
not only enzymatic attacks, but also backbone cleavage. The complex structure makes the
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xanthan gum less sensitive to both the salt concentration and pH. In addition, this
structure allows xanthan to tolerate the mechanical shearing effect. One of the advantages
of xanthan gum is that it viscosities in high-salinity water and is resistant to shear
degradation (Chang, 1978; Sheng, 2010; Donaldson & Chilingarian, 1989). Its primary
disadvantages are formation plugging and susceptibility to bacterial attack (bacterial
degradation). However, both problems can be solved by filtration or additional processes.
Filtration removes the undesirable cellular debris remaining from the manufacturing
process, while adding bactericides can prevent bacterial degradation (Chang, 1978; Unsal
et al., 1979; Chauveteau & Kohler, 1984). As a result of these additional processes,
xanthan gum costs more than other polymers (Chang, 1978).
3.2.1.3 Associating polymers (AP). Associating polymer (AP) is a new kind of
polymer being used for polymer flooding. It contains acrylamide monomers and a small
percentage of hydrophobic monomers (< 1%) that attach to the polymer’s backbone
during the polymerization process, as shown in Figure 3.9 (Zhou et al. 2007).

Figure 3.9. Structure of hydrophobically associating polymers (Zhou et al., 2007)

The hydrophobic groups interact to form an associative polymer in water solution
as shown in Figure 3.10 (Taylor & Nasr-El-Din, 2007).
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Figure 3.10. Interaction of hydrophobes in associating polymers (Taylor & Nasr-El-Din,
2007)
That interaction, however, will generate superior viscosities at a similar molecular
weight. Moreover, the interaction is unaffected by the addition of salt; as a result, the
viscosity of the polymer is not sensitive to salinity, unlike in other polymers (e.g.,
HPAM). Figures 3.11 and 3.12 illustrate how the viscosity of the polymer increases when
compared to HPAM as a function of both the polymer and NaCl concentration (Yabin et
al., 2001).

Figure 3.11. Polymer viscosity of the HPAM (1) and AP (2 and 3) as a function of
concentration at 45oC (Yabin et al., 2001)
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Figure 3.12. Polymer viscosity of the HPAM (1) and AP (2 and 3) as a function of NaCl
concentration(Yabin et al., 2001)

Studies have reported that oil recovery increased 6% more when using the AP
instead of the HPAM solution in core flood experiments (Yabin et al., 2001; Reichenbach
et al., 2011).
3.2.2. Polymer Mechanism Model. The most important part of the model
representing the structure of polymer flooding mechanisms appears in Figure 3.13. This
domain includes both the microscopic and macroscopic (sweep) displacement
efficiencies.

Polymer Mechanism
Model
Microscopic
Displacement

Capillary Forces

Viscous Forces

Macroscopic
Displacement

Areal
Displacement
Efficiency

Vertical
Displacement
Efficiency

Mobility Ratio
Figure 3.13.Semantic model of polymer flooding mechanisms
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Oil displacement through pores plays a critical role in increasing the efficiency of
oil recovery. Injecting water into the reservoir is one available method. During water
flooding, the force responsible for displacing oil is a viscous force. The displacement
behavior between the displacing and displaced fluid is not piston-like, in which water
pushes all of the oil from the pores to the displacement front (Buckley & Leverett, 1942).
Rather, the difference in viscosity between water and oil forms viscous fingers, which
result in both early breakthrough and reduced sweep efficiency. Therefore, the use of a
more viscous liquid than water is beneficial in improving the sweep efficiency in water
flooding.
In a laboratory setting, Detling (1944) tested different types of materials for
viscous water flooding. Barens (1962) used sugar and zinc chloride to improve water
sweep in reservoirs partially invaded by aquiver water. The results indicated that the use
of viscous water can increase the ultimate oil recovery. However, the use of materials
such as sugar and glycerin to increase water viscosity is not economically feasible.
Water-soluble polymers work more efficiently as thickening agents. Sandiford (1964)
added partially hydrolyzed polyacrylamide during water flooding to reduce water
mobility and increase oil recovery. According to Pye (1964), certain high molecular
weight synthetic polymers in very dilute solutions can decrease the water mobility in
porous media 5 to 20 times more than brine solution at the same viscosity.
The oil recovery efficiency (overall displacement efficiency, E) of any EOR
technique is the amount of hydrocarbon displaced divided by the volume of hydrocarbon
at the beginning of the EOR process; it also can be defined as the product of the
microscopic efficiency (ED) and the macroscopic efficiency (EV), as expressed in
Equation (3.1).

E  E D EV

(3. 1)

3.2.2.1 Microscopic displacement efficiency, ED. ED is reflected in the
magnitude of the residual oil saturation, Sor, in the area that the displacing fluid contacts.
The microscopic efficiency also can be expressed in terms of saturation using Equation
(3.2).
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ED 

S oi  S or
S oi

(3.2)

where Soi is the oil saturation at the beginning of the EOR process (displacing agent) and
Sor is the residual oil saturation in the pore volume after being swept during the EOR
process (displacing agent).


Factors affecting microscopic displacement behavior.
The microscopic efficiency plays a significant role in the successful application of

EOR techniques because it reflects the extent to which a certain displacement process can
reduce the residual oil saturation. The residual oil can be recovered if the displacing agent
causes a viscous force that exceeds the retention or capillary force (Abrams, 1975;
Chatzis & Morrow, 1984). The viscous force refers to the viscous pressure gradient (ѵµ),
while the retention force or capillary force is related to the interfacial tension (σ)between
the displacing and displaced fluids (Wang et al., 2007). The ratio of viscous to capillary
forces is called the "capillary number," which can be defined as the ratio of the viscous
pressure gradient (viscous force) to the interfacial tension.

Nc 




(3.3)

whereѵistheinterstitialvelocity,µ istheviscosityofthedisplacingfluid,andσisthe
interfacial tension between oil and the displacing fluid.
The capillary number has been reported in the range of 10-6 to 10-7 for water
flooding processes (Donaldson et al., 1989). The capillary number increases as the
viscous force increases and the interfacial tension decreases. Many researchers have
conducted laboratory tests and field applications to improve the displacement efficiency
by increasing the capillary number.
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The first step of any displacement process is to mobilize residual oil and form an
oil bank that can be mobilized by increasing the capillary number above the critical
capillary number (Ncc). Laboratory studies have shown that the Ncc is affected by
wettability (Melrose & Brandner, 1974; Ramakrishnan & Wasan, 1984; Lake, 1989). If
oil is the non-wetting phase, the residual oil saturation decreases as the Ncc increases
with an order of magnitude of 10-5 (Melrose & Brandner, 1974). However, the Ncc for
the wetting phase is two orders of magnitude higher than the Ncc for the non-wetting
phase (Ramakrishnan & Wasan, 1984). Some studies have found that the minimum
critical value of the capillary number is approximately 10-4 (Leferbre du Prey, 1973;
Moore & Slobod, 1956). However, other studies (Melrose & Brander, 1974; Ng et al.,
1978; Chatzis & Morrow, 1984) have suggested that the minimum value of Ncc is 10-5.
Figure 3.14 shows the effect of the capillary number on the residual oil according to
different studies. The maximum Ncc is of the order of 10-2 to 10-1 for 100% displacement
oil from the reservoir (Donaldson et al., 1989), as shown in Figure 3.15.

Figure 3.14. Capillary number versus residual oil saturation (Fulcher et al., 1985)
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Figure 3.15. Microscopic displacement efficiency versus capillary number (Donaldson et
al., 1989)
When viscoelastic fluid flows through the pores, the molecules continuously
stretch and recoil in porous media, thereby improving the sweep efficiency (Urbissinova
& Kuru, 2010), as shown in Figure 3.16.

Figure 3.16. Schematic of viscoelastic polymer solution flow in porous
media(Urbissinova & Kuru, 2010)

Previous laboratory studies of polymer flooding ignored the effect of polymer
viscoelasticity on the capillary number and the microscopic displacement efficiency
(Smith, 1970; Hirasaki & Pope, 1974). Recently, numerous studies have shown that
viscoelastic polymer helps to improve the microscopic displacement efficiency more than
water flooding (Demin et al., 2000; Huh & Pope, 2008; Jiang et al., 2008; Kamaraj et al.,
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2011; Urbissinova & Kuru, 2010; Wang et al., 2007; Demin et al., 2001; Wenxiang et al.,
2007; Xi et al., 2004; Yin et al., 2012; Yin et al., 2006).
Wenxiang et al. (2007) studied the relationship between the capillary number, the
displacement efficiency, and the residual oil saturation during polymer flooding in weak
oil-wet cores. They found that when the capillary number was small, the recovery
efficiency increased slowly, and the residual oil saturation decreased slowly as the
capillary number increased; however, when the capillary number reached between 10-3
and 10-2, the increase in the oil recovery efficiency and the reduction in the residual oil
saturation was marked (Wenxiang et al., 2007), as shown in Figure 3.17. The results also
revealed that at the same polymer solution elasticity, the higher the capillary number, the
higher the recovery efficiency and the lower the residual oil saturation. They concluded
that the capillary number and the elasticity of the polymer solution are important to the
improvement of polymer flooding oil recovery.

Figure 3.17. Capillary number at different elasticities (Wenxiang et al., 2007)

Recent laboratory and numerical studies have shown that the capillary number
theory accurately explains the results of Newtonian fluid flooding, but the macro pressure
gradient cannot explain the increase in the microscopic displacement efficiency in
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viscoelastic polymer flooding (Jiang et al., 2008). Wang (2007) and Jiang (2008) showed
that the displacement efficiency increases due to the micro force during polymer
flooding, which is caused by the change in both the direction and magnitude of the fluid
velocity. The magnitude of force is proportional to the mass and the change of flow
velocity:
 m
F
t

(3.4)

3.2.2.2 Macroscopic (sweep) displacement of fluid in a reservoir, EV.
Volumetric efficiency or sweep efficiency is defined as the fraction of the reservoir (pore
volume) that is swept or invaded by displacing fluid. The estimation of volumetric sweep
efficiency is very important to know which portion of reservoir is swept by the invaded
fluid.
The volumetric sweep efficiency can be estimated using material balance
concepts. The oil recovery can be calculated using the following equation:

N p  V p ( So1  So 2 ) EV / Bo

(3.5)

The volumetric sweep efficiency is expressed as follows:

EV 

N p * Bo
VP ( S o1  S o 2 )

(3. 6)

where Np is the displaced oil, Vp is the reservoir pore volume, and So1 and So2 are the oil
saturation at the beginning and end of the displacement process, respectively.
The volumetric sweep efficiency is commonly estimated using areal and vertical
sweep efficiencies, as follows:

EV  E A * EI
where EA is the areal sweep efficiency and EI is the vertical sweep efficiency.

(3.7)
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Vertical sweep efficiency (EI). EI is defined as the ratio of pore space invaded by the

displacing fluid to the total pore space. A vertical sweep efficiency schematic appears in
Figure 3.18. The vertical sweep efficiency is affected by gravity segregation effects and
permeability variation.

Figure 3.18. Vertical sweep efficiency schematic (Green & Willhite, 1998)

The gravity segregation effects occur due to the differences between the
displacing and displaced fluids. The displacing fluid moves toward either the top or
bottom of the formation, as shown in Figure 3.19. When the displacing fluid is denser
than the displaced fluid, the former moves underneath the latter, as shown in Figure
(3.19a). This gravity segregation underride effect occurs during water flooding. Figure
(3.19b) shows the effect of gravity segregation when the displacing fluid is less dense
than the displaced fluid. This gravity override effect occurs in steam displacement, in-situ
combustion, Co2 flooding, and solvent flooding processes. Gravity segregation leads to a
vertical sweep efficiency reduction due to the early breakthrough of the displacing fluid.
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Figure 3.19. Gravity segregation in displacement process (Green & Willhite, 1998)

Vertical variation in permeability reduces the vertical sweep efficiency resulting
from the displacement process. Figure 3.20 shows layers of vertical cross-section with
different thicknesses and permeabilities.

Figure 3.20.Vertical variation in permeability (Green & Willhite, 1998)



Areal sweep efficiency (EA). The areal sweep efficiency is the fraction of the area
that is swept by the displacing fluid. An areal sweep efficiency schematic appears in
Figure 3.21.
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Figure 3.21. Areal sweep efficiency schematic (Green & Willhite, 1998)

The areal sweep efficiency is affected by the flood pattern, and reservoir
permeability variation, but most strongly by the mobility ratio.
 Mobility ratio. The objective of mobility is to improve the volumetric sweep
efficiency of a displacement process. Mobility is defined as the ratio of the permeability
of a particular petroleum fluid (either water or oil) to its apparent viscosity (kfluid/µfluid). In
polymer flooding, the polymer is added to water to increase the viscosity of the water
therefore decreasing the mobility of the water phase. In addition, the polymer reduces the
relative permeability of the water phase in porous media. The mobility ratio (M) is
defined as the ratio of displacing fluid mobility to displaced fluid mobility:

 Kw




 w 

M  w 
o  K o 
  
o


(3.8)

where λw is the mobility of water at the residual oil saturation; λo is the mobility of oil at
the irreducible water saturation; kw and µw are the permeability and viscosity of the water
phase, respectively; and ko and µo are the permeability and viscosity of the oil phase,
respectively.
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A favorable value of M is one or less. Figure 3.22 shows the displacement at a
favorable mobility ratio. The polymer solution sweeps evenly out from the injection well
to the producer, which increases the sweep efficiency.

Figure 3.22. Displacement by polymer flooding at a favorable mobility ratio (Aluhwal,
2008)

A mobility ratio greater than one typically causes viscous fingers in the
displacement, as shown in Figure 3.23. This viscous fingering will increase the
production of water and decrease the production of oil.

Figure 3.23. Displacement by polymer flooding at an unfavorable mobility ratio
(Aluhwal, 2008)
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 Fractional flow. The fractional flow curve is important determining the amount
of oil recovery expected from a polymer flooding method. Figure 3.24 illustrates the
fractional flow curve derived from relative permeability experiments as a function of
saturation (Patton et al., 1971).

Figure 3.24. Typical fractional flow curve (Patton, 1971)

Leverett (1941) developed fractional flow equations for two immiscible fluids (oil and
water). The fractional flow of oil is given by Equation (3.9):

fo 

1
 k w o
1 
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 o w






(3.9)

When the mobility ratio decreases the fraction flow of oil (oil cut) and the displacement
efficiency will increase, as shown in Figure 3.25. This figure depicts a typical fractional
flow curve for both high and low oil viscosity. When the curve shifts to the right, this
indicates that the oil’s fractional flow has increased.
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Figure 3.25. Effect of mobility ratio on fractional flow

When the oil viscosity is high, the fractional flow of water will increase, and both
the fractional flow of oil and the oil mobility will decrease. Moreover, an increase in the
fractional flow of water will cause early water breakthrough. The fractional flow of water
is defined as

fw 

1
 ko  w
1 
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 w o






(3.10)

Figure 3.26 illustrates two fractional flow curves for water flooding, one for
which µw = 1 cp (normal water) and the other for which µw = 5 cp (polymer water)
(Patton et al., 1971). Two saturation shocks form during the flooding method, the first
when the water saturation increases from connate saturation, and the second saturation
when the polymer solution contacts connate water saturation. Additionally, the fractional
flow for water flooding increases very steeply as the mobile water saturation increases.
The connate (irreducible) water saturation was 16.8 %. On the other hand, due to the
reduction in the water cut percentage, the fractional flow curve shifts to the right when
the polymer solution is injected. This increase in the flood’s front saturation indicates
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good performance for the polymer flooding. Pope (1980) concluded that the size of the
shock front in a linear flow can be determined from the water and polymer fractional
flow curves.

Figure 3.26. Fractional flow curves for water and polymer solution (Patton et al., 1971)

Water mobility decreases as its phase permeability decreases due to polymer
retention (Gogarty, 1967). Polymer retention may result from a mechanical blockage at
pores with smaller openings or adsorption of polymer on the surface of the rock
(Ershaghi & Handy, 1971; Mungan et al., 1966). Figure 3.27 illustrates how the polymer
adsorbs on the surface of the rock, thereby reducing the diameter of the pores.

Figure 3.27. Polymer adsorption on the surface of the rock
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3.2.3. Polymer Properties Model. The model shown in Figure 3.28 describes the
general properties of polymer solution, including the bulk rheological properties and the
behavior of polymer in porous media.

Figure 3.28. Semantic model for polymer properties
3.2.3.1 Bulk rheological properties. Figure 3.29 illustrates the general domain
concepts for polymer rheology, which are defined through polymer viscosity and
stability. The polymer stability class is divided into mechanical, chemical, thermal, and
biological subclasses.

Bulk Rheological
Properties

Polymer stability
(degradation)

Polymer
Viscosity

Mechanical

Chemical

Thermal

Biological

Figure 3.29. Semantic model for polymer rheology phenomena
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The polymer flooding method is used to improve the mobility ratio between oil
and water. Adding a small concentration of polymer to water will significantly increase
the viscosity of the water (Nouri & Root, 1971). The polymers most commonly used as
mobility control agents include synthetic polymers (e.g., hydrolyzed polyacrylamide),
biopolymers (e.g., xanthan), and, recently, associative polymer. The most important
property of polymers is their viscosity, which significantly affects their behavior in
porous media. Polymer behavior is complex, and many laboratory studies have noted the
occurrence of shear behaviors through porous media. The rheology of a polymer depends
on many parameters, including the polymer type, molecular weight, polymer
concentration, salinity effect, reservoir temperature, and shear rate.
3.2.3.1.1. Polymer viscosity. The polymer viscosity is a key parameter in
improving the mobility ratio. Darcy‘s law describes the flow of fluid through porous
media as

q

kAP
L

(3.11)

where q is the flow rate, A is the cross-sectional area, L is the length of the sample, ∆P is
the pressure drop, and µ is the Newtonian viscosity of the flowing fluid.
Polymer is a non-Newtonian fluid; the apparent viscosity (𝜂app) is not a constant.
The apparent viscosity can be defined by rearranging Equation (3.11) as follows:

 app 



kAP
qL

(3.12)

Factors affecting polymer viscosity.
Polymer viscosity is affected by a number of factors, such as the salinity,

temperature, concentration, molecular weight, and shear rate. Most of these factors were
presented in Section (3.2.1) based on the polymer type.
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Polymer viscosity is affected by water salinity and divalent ions such as calcium
2+

(Ca ) and magnesium (Mg2+), which decrease the viscosity of the polymer solution. As
the salinity increases, the distance between the polymer chain and the molecules
decreases. The repulsive forces are shielded by a double layer of electrolytes when salt is
added to a polymer solution. Figure 3.30 illustrates the polymer viscosity reduction when
the salinity increases. Divalent ions can more effectively neutralize charges than
monovalent ions, such as Na+ and K+. The viscosity of the polymer is dominated by Ca2+
in brine.

Figure 3.30. Polymer viscosity as a function of salinity (Dong et al., 2008)

In general, the viscosity of a polymer solution decreases as the temperature
increases, as shown in Figure 3.31. However, this relationship does not always follow the
same pattern; it depends on other factors, such as the polymer concentration, molecular
weight, salt, and hydrolyzation (Nouri & Root, 1971).
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Figure 3.31. Polymer viscosity versus temperature (Nouri & Root, 1971)

The polymer concentration has a direct relationship with the polymer viscosity.
The polymer viscosity increases when the polymer concentration increases, as shown in
Figure 3.32.

Figure 3.32. Polymer viscosity versus polymer concentration (Dong et al., 2008)
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The molecular weight of polymer is related to its molecular size, which means
that polymers with a larger molecular size have a higher molecular weight. Polymers with
a higher molecular weight provide higher viscosity, as shown in Figure 3.33.

Figure 3.33. Polymer viscosity as a function of molecular weight (Dong et al., 2008)

Hydrolysis also affects the viscosity of a polymer solution. The viscosity
increases with the degree of hydrolysis. A high degree of hydrolysis (35%) increases the
viscosity in fresh water and sodium chloride brines (Martin & Sherwood, 1975).
The apparent viscosity depends on the shear rate (  ). Newtonian fluid exhibits a
linear relationship between the shear stress (τ) and the shear rate, as shown in Figure
3.34, which can be expressed as

  

(3.13)

Shear stress is defined by



F
A

(3.14)
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Figure 3.34. Shear stress versus shear rate for a Newtonian fluid (Bourgoyne et al., 1986)

Non-Newtonian fluid does not exhibit a direct relationship between the shear rate
and the shear stress, as shown in Figure 3.35, because the apparent viscosity changes with
the shear rate, which can be expressed as






(3.15)

Non-Newtonian fluid is considered pseudoplastic if the apparent viscosity decreases as
the shear rate increases.

Figure 3.35. Pseudoplastic behavior of a non-Newtonian fluid (Norrise, 2011)
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Polymers behave as pseudoplastic non-Newtonian fluids at higher shear rates
(Nouri & Root, 1971; Gogarty, 1967). This behavior has been described by various
models, including the Bingham Plastic and Power Law models (Bourgoyne et al., 1986).
The Power Law model and the Carreau model are most commonly used to
describe the rheological behavior of the apparent viscosity decreasing as the shear rate
increases (shear thinning) (Green & Willhite, 1998). The Power Law model is defined by

 app  k n 1

(3.16)

where k is the power-law constant and n is the power-law exponent. For polymer
flooding, both k and n can be correlated as a function of polymer concentration, where

n 1

1  0.002C 

(3.17)

k  5.435  2.362 *105 C 2.286

(3.18)

0.943

and

where C is the polymer concentration in the unit of ppm, and k is in the unit of mpa.sn

Hirasaki and Pope (1974) modeled the pseudoplastic flow of a biopolymer
solution through a porous media using the Blake–Kozeny model for power-law model
fluids. The apparent viscosity is expressed as

app  Hun1

(3.19)

where H is the Blake–Kozeny model coefficient (cp), u is the superficial velocity
(cm/sec), and n and k are the power-law exponent and the coefficient, respectively.
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where ϕ is the porosity and kp is the particle permeability.
o Shear rate. Polymers exhibit non-Newtonian fluid rheological behavior when the
viscosity decreases and the shear rate increases (Hirasaki & Pope, 1974). Polymers
flowing through porous media may display one of the following four flow regimes:
Newtonian, shear thinning, shear thickening, and degradation.
 Newtonian and shear thinning. Figure 3.36 illustrates a typical rheology for a
shear thinning fluid. This figure shows the relationship between the apparent viscosity
and the shear rate. The first region is the lower Newtonian region which is characterized
by a constant apparent viscosity. The apparent viscosity does not change with the shear
rate (Stahl & Schulz, 1988).

The polymer will maintain a constant viscosity in the lower Newtonian region
until it reaches the second region, which represents the shear thinning behavior, as shown
in Figure 3.36. As the shear rate increases, the apparent viscosity decreases. Shear
thinning can also be appear as a decrease in the resistance factor and an increase in the
flow velocity (flux rate), as shown in Figure 3.37.

Figure 3.36. Rheological behavior of a typical polymer within a shear thinning fluid
(Modified from Stahl & Schulz, 1988)
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Most EOR polymers used for mobility control exhibit a shear thinning behavior
(Liauh & Liu 1984; Green & Willhite, 1998). Biopolymers display such behavior in the
laboratory, which appears as a decrease in the resistance factor (or viscosity) with an
increase in the flow velocity (or shear rate) (Chauveteau, 1982; Hejri et al., 1991; Stahl &
Schulz, 1988; Seright et al., 2009a), as shown in Figure 3.37. This phenomenon is caused
by the polymer molecule deforming when the shear rate increases. Polyacrylamides
exhibit the same behavior (Smith, 1970; Hirasaki & Pope, 1974; Seright, 2009a; Stavland
et al., 2010), as shown in Figure 3.38.

Figure 3.37. Viscosity versus shear rate of a biopolymer (xanthan) (Seright, 2009a)

Figure 3.38. Viscosity versus shear rate of a synthetic polymer (HPAM) (Norris, 2011)
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The Carreau model is used to describe the rheological behavior of shear thinning,
which is expressed as

 app     pN

  n1 
 

     
  1  
  
  r 

(3.21)

where ƞpN is the viscosity in the lower Newtonian region, ƞ∞ is the polymer viscosity in
the upper Newtonian region,

 is the shear rate associated with the viscosity of interest, n

is the shear thinning index of the power law region, α is typically 2, and τr is the Carreau
relaxation time (sec-1), which is defined as

 r  1

(3.22)

where τr is determined graphically by the intersection of the lower Newtonian region and
the shear thinning region (Fletcher et al., 1991), as shown in Figure 3.39.

Figure 3.39. Carreau model parameters (Modified from Stavland et al., 2010)

 Shear thickening. Shear thickening, also referred to as dilatant and
pseudodilatant, is a behavior that occurs at a high flow velocity (or high shear rate).
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During shear thickening, the resistance factor or viscosity increases as the flow velocity
or shear rate increases (Hirasaki & Pope 1974; Delshad et al., 2008; Seright et al.,
2009a; Seright et al., 2010), as shown in Figure 3.40 and 3.41.

Figure 3.40. Flow regime behavior in Berea sandstone core for HPAM solution (Seright
et al., 2010)

Figure 3.41. Apparent viscosity versus shear rate for shear thickening regime (Modified
from Norrise, 2011)

Shear thickening behavior is caused by the flow of polymer solution through the
cross-sectional variations in the porous media (pore throats and pore bodies), as shown in
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Figure 3.42. The polymer stretches due to the flexibility of the coil molecules, thus
causing an elastic strain (viscoelastic behavior) that will increase the apparent viscosity
(Jennings et al., 1971; Hirasaki & Pope 1974; Chauveteau & Moan, 1981; Green &
Willhite, 1998; Delshad et al., 2008; Seright, 2010; Zaitoun et al., 2011). Biopolymers
(e.g., xanthan) do not exhibit shear thickening behavior (Norrise, 2011).

Figure 3.42. Coil stretch (deformation) in the capillary (Zaitoun et al., 2011)

The thickening behavior is modeled using the viscoelastic model (Hirasaki &
Pope 1974; Masuda et al., 1992). The power law model cannot model this type of
behavior because it does not represent the viscoelastic effect. Both the fluid relaxation
time and the rate of elongation (elastic strain) should be used to represent the viscoelastic
effect (Marshall & Metzner, 1967). Therefore, Hirasaki and Pope (1974) suggested using
a Deborah number (NDeb) to represent the viscoelastic effect in porous media; this is
defined as the ratio of the relaxation time (τr) to the elastic strain (τE) and is expressed as

N Deb 

r
E

(3. 23)

The apparent elastic viscosity is expressed as

elas 

vis
1  N Deb

(3.24)
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Masuda et al. (1992) incorporated both the elastic- viscosity (µelas) and the viscous viscosity (µvis) into the Darcy equation, as follows:
µ= µelas + µvis

(3.26)

Then,

elas  visC N Deb mc

(3.27)

where C and mc are constants dependent on the degree of pore size geometry in the
porous media.
Delshad et al. (2008) developed a model for apparent viscosity based on both
laboratory coreflood results and the available literature. They assumed that the Darcy
velocity equation includes two terms: the shear-viscosity term (µsh) and the elongationviscosity term (µelas), as follows:
µ= µelas + µsh
where



(3.28)



els   max 1  exp  2 N Deb n 1
2



(3.29)

where μmax, λ2 and n2 are polymer-specific empirical constants. The apparent viscosity
model covers the entire range of Darcy velocities.
Stavland et al. (2010) presented a model for the apparent viscosity. The apparent
viscosity equation then includes three parts, the first representing shear thinning (the
Carreau model), the second representing shear thickening, and the third degradation
( 2 m ).
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where m is a tuning constant parameter larger than zero and λ2 is defined as
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where ϕ is the porosity and α is set as 2.5.
o

Relaxation time (τr) for shear thickening
The viscoelastic behavior of a polymer solution is characterized by the relaxation

time, which is the most important parameter (Kim et al., 2010). The relaxation time is the
time needed for the elastic structures of a polymer solution to relax. It can be estimated
from the storage (elastic) G' and the loss (viscous) G" moduli, which characterize the
elastic and viscous contributions to the stress response, respectively (Delshad et al. 2008).
The two most commonly used models for determining the polymer relaxation time are
the Maxwell model and the Royse model.

o

Maxwell Model
Kim et al. (2010) applied the Maxwell model to estimate the relaxation time of

two kinds of partially hydrolyzed polyacrylamide (HPAM) solution (Flopaam 3630S and
Flopaam 3330S) and a copolymer of acrylamide (AMPS). The dynamic frequency sweep
test was used to obtain G' and G" with different polymer concentrations, salinities,
hardnesses (divalent ion content), and temperatures. The relaxation time was estimated
by nonlinear fitting of the measured data (G', G") into the Maxwell model. Both G' and
G" are functions of the frequency(ω)of the FP 3630S polymer. As shown in Figure 3.43,
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G' and G" increase as the polymer concentration increases and the temperature, salinity,
and hardness decrease.
Variables G' and G" from the general linear viscoelastic fluid are calculated as

N

G   Gi
i 1

N

G   Gi
i 1

 i 2
1   i 2 

(3.32)

 i 
1   i 2 

(3.33)

where ω is the frequency (rad/s), i is the number of chain elements in the model of a
polymer molecule, and Gi is the elastic modulus at τi.

Figure 3.43. Dynamic frequency test for FP-3630S with different polymer, (a)
concentrations: 1000, 2000, and 3000 ppm, (b) salinities, 0.1% NaCl, 1% NaCl, and 4%
NaCl, (c) hardnesses: 0% Ca2+, 0.05 % Ca2+, 0.1 % Ca2+, and 0.15% Ca2+ and (d)
temperature : 25, 50, 70, and 90oC (Kim et al., 2010)
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o

Rouse Model
Delshad et al. (2008) tested several viscosity data points for a relaxation time

model. Partially hydrolyzed polyacrylamide polymers (Flopaam 3630S and Flopaam
3330S) with high molecular weights (8 and 20 million Dalton) and concentrations (500
and 1500 ppm) were used in the study. The storage and loss modulus (G', G") are
illustrated in Figures 3.44 and 3.45. The data from a dynamic frequency sweep test are
fitted using the Rouse model to obtain the relaxation time (τr), which is expressed as


 i 2
G  GO 
1   i 2 
i 1

(3.34)

 i 
1   i 2 

(3.35)

N
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G  GO 
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GO 

C p RT
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(3.36)

and variable Cp is the polymer concentration, R is the gas constant, T is the absolute
temperature, and MW is the molecular weight. The result is very similar to that obtained
using the Maxwell model.

Figure 3.44. Dynamic frequency sweep test data and Maxwell model for 1500ppm
Flopaam 3330S (Delshad et al., 2008)
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Figure 3.45. Dynamic frequency sweep test data and Maxwell model for 500ppm
Flopaam 3630S (Delshad et al., 2008)

3.2.3.1.2. Polymer stability (degradation). Polymer degradation refers to the
breakdown of the macromolecular structure. This type of breakdown represents a
practical problem during field applications of oil recovery processes. The apparent
viscosity decreases when the shear rate increases to a high shear rate (Maerker, 1975;
Stanislav & Kabir, 1977; Southwick, & Manke, 1988; Green & Willhite, 1998, Seright,
2009; Stavland, 2010) as shown in Figure 3.46. The main degradation mechanisms are
listed and described next.

Figure 3.46. Apparent viscosity versus shear rate for shear degradation regime (Modified
from Norrise, 2011)
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o Mechanical degradation
Shear degradation reduces the size of the molecules and causes the polymer to
lose the viscosity needed for mobility control (Maerker, 1975). Polymer degradation
occurs at high shear rates when polymer molecules begin to degrade due to high fluid
stresses (viscoelastic stresses), which are generated by elongational deformation
(Maerker, 1975). This behavior, a mechanical action on the polymer chain, occurs due to
bond rupture (Maerker, 1975; Kim, et al., 2000). Mechanical degradation first occurs
when the polymer passes from the wellbore to the porous media (Mareker, 1975; Seright,
2010). Zaitoun et al., (2011) found that shear degradation can occur at different stages,
such as during flow through downhole valves and chokes under high pressure, flow
through perforations at a high rate, the use of a shearing device, and recirculation with a
centrifugal pump.
Not all polymers exhibit such degradation. For example, biopolymer molecules
are more rigid than polyacrylamide and exhibit greater resistance to shear degradation.
Biopolymers (e.g. xanthan) do not exhibit shear degradation, and are much more stable at
a high shear rate (Stanislav & Kabir, 1977; Gao, 1987; Southwick & Manke, 1988;
Seright, 2009a; Stavland, 2010). Figure 3.47 illustrates the viscosity versus the shear rate
of a xanthan solution in Berea sandstone with a permeability of 102 md. The viscosity
loss was only 9 % at a shear rate of 7.3 s-1 using 2480 psi/ft, but 19% using 24,600 psi/ft
(Seright, 2009a).

Figure 3.47. Viscosity loss for xanthan at high pressure gradients (Seright, 2009a)
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Many experiments have demonstrated that polyacrylamide exhibits shear
degradation at high shear rates or flow rates (Maerker, 1975, 1976; Seright, 1983; Martin,
1986; Southwick & Manke, 1988; Seright et al., 2009a, 2010; Stavland, 2010; Zaitoun,
2011). Figure 3.48 illustrates a decline in both the mobility reduction and the effluent
viscosity at shear rates greater than 400 s-1.

Figure 3.48. Mobility reduction and effluent viscosity versus shear rate (Stavland et al.,
2010)

Several parameters affect shear degradation. For example, shear degradation
increases as the molecular weight increases at a given flow rate (Martin, 1986; Stavlend
et al., 2010; Zaitoun et. al., 2011). Figure 3.49 illustrates that polymers with a higher
molecular weight exhibit higher shear degradation. This result indicates that larger coiled
macromolecules stretch more under the same deformation regime. The shear degradation
also decreases as the polymer concentration increases (Morris & Jackson, 1978; Martin,
1986). Maerker (1975) found that shear degradation is independent of the polymer
concentration, as shown in Figure 3.50. Another study (Martin, 1986) showed that the
shear degradation peaks at certain concentrations and then decreases, as depicted in
Figure 3.51.
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Figure 3.49. Apparent viscosity versus shear rate for HPAM at different molecular
weights in Berea core (Stavland et al., 2010)

Figure 3.50. Effect of polyacrylamide concentration on shear degradation (Maerker,
1975)
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Figure 3.51. Effect of HPAM concentration on shear degradation (Martin, 1986)

Additionally, in degradation experiments in porous media, the shear degradation
increased as either the salinity or the calcium content increased (Maerker, 1975; Martin,
1986; Stavland et al., 2010; Zaitoun et al., 2011). The salinity strongly affected the
rheological properties of the polymer. Martin (1986) observed that at a constant polymer
concentration, viscosity loss increased as the water salinity increased (NaCl, CaCl2), as
shown in Figure 3.52. Shear degradation increases as the reservoir permeability decreases
because the pressure gradient during injection increases more in lower permeability
formations (Maerker, 1975; Seright, 2010), as shown in Figure 3.53.

Figure 3.52. Loss of polymer viscosity versus velocity at different water salinities
(Martin, 1986)
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Figure 3.53. HPAM resistance factor at highest velocities in Berea sandstone (Seright,
2010)

o

Predication correlation for shear degradation (mechanical degradation):

Maerker (1975) developed a correlation for degradation based on the theoretical
viscoelastic fluid model. The stretch rate (  ) of viscoelastic fluids serves as a correlating
parameter for degradation data, and is expressed as:

 

2
86400dp

(3.37)

where dp is the average particle diameter:
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(3.38)
where  is the interstitial velocity, ϕ is the porosity, and kw is the permeability.
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Stavland et al. (2010) modified the Carreau model for the apparent viscosity; the
modified model considers the degradation by introducing the time constant (λ3), which
represents the onset of shear degradation. The apparent viscosity is presented as follows:
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Zaitoun et al. (2011) determined the degradation rate (DR) as

DR% 

 ro   r
*100
 ro  1

(3.40)

where μro is the relative viscosity at the Newtonian plateau of the non-degraded polymer
solution, and μr is the relative viscosity of the effluent downstream the shearing device.


Chemical degradation. Chemical degradation refers to the breakdown of polymer

molecules in polymer solution due to the presence of oxygen, oxygen scavengers, metal
ions, hydrogen sulfide, biocide, and other chemical additives (Yang & Treiber, 1985).
Factors affecting the stability of polymer solutions include the temperature, hydrolysis,
and the pH. Oxygen is one of the major contaminants affecting the chemical stability of a
polymer solution (Stanislav & Kabir, 1977; Yang & Treiber, 1985). Shupe (1981)
observed that oxygen causes substantial chemical degradation of polyacrylamide
polymers. Degradation by oxygen is caused by oxidation reduction reactions involving
free radical initiators (Wellington, 1980). Ferrous iron has also been found to cause fast
and severe polyacrylamide degradation in solutions containing oxygen (Shupe, 1981).


Thermal degradation. Temperature is another factor that affects the stability of

polymer solutions. All of the amide groups in polymer solutions tend to hydrolyze at 212
o

F within a few days (Moradi & Doe,1987).Apolymersolution’spropertieswillchange
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due to the hydrolysis of the amide group, which a carboxylate group (-COO-) will
produce in the polymer chain as shown in Figure 3.54. The carboxylate group causes a
reduction in the molecular sizes and polymer precipitation.

Figure 3.54. Hydrolysis of the amide group (Fernadez, 2005)

Audibert and Argillier (1995) modified the polyacrylamide structure by adding a
sulfonated group to postpone its thermal stability to a higher temperature. They found
that both copolymers of acrylamide and acrylamide methylpropane sulfonate (AMPS)
were stable at 110 oC in the absence of oxygen. Those monomers prevented acrylamide
comonomer from hydrolyzing. At a higher temperature (>150 oC), all sulfonated
polymers degraded and lost part of the sulfonated groups (Audibert and Argillier, 1995).
Fernadez (2005) proposed terpolymers (N-vinyl pyrrolidone) to improve the
thermal stability of different copolymers. The terpolymer limited the hydrolysis of the
amide groups.
Seright et al. (2010) observed that in the absence of both divalent cations and
dissolved oxygen, an HPAM polymer can maintain half of its original viscosity for 8
years at 100 oC and for 2 years at 120 oC, as shown in Figure 3.55. Their results indicate
that HPAM polymers can be applied at temperatures up to 120 oC for EOR purposes. The
xanthan solution can maintain half of its original viscosity for 5 years at temperatures not
exceeding 80 oC (Seright & Henrici, 1990).

58

Figure 3.55. Stability of HPAM in 0.3% NaCl (Seright, 2010)



Biological degradation. Biological degradation refers to the bacterial attack on the

carbon-carbon backbone in polymers. This degradation can occur either on the surface
(aerobic bacteria) or in the reservoir (anaerobic bacteria) (Aluhwal, 2008). Both
polyacrylamide and biopolymers can experience either type of biodegradation. Biological
degradation is problematic when applying polymer flooding in the field. A biocide must
be added to the injection polymer to prevent biodegradation (e.g., formaldehyde
(HCHO))(O’Learyetal.,1987).
3.2.3.2 Polymer behavior through a porous media. The behavior modeled by
the polymer flow behavior model can be categorized as the resistance factor (Fr), the
residual resistance factor (Frr), polymer retention, or inaccessible pore volume (IPV), as
shown in Figure 3.56. Polymer retention involves three concepts, polymer adsorption,
polymer mechanical entrapment, and polymer hydrodynamic retention. This section
describes the main concepts related to the interactions between polymer solutions and the
porous matrix, which include Fr, Frr, polymer retention, and IPV.
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Figure 3.56. Semantic model for polymer flow behavior in porous media

3.2.3.2.1 Resistance factor. The viscosity of polymer solutions determined by
viscometers or by flow experiments in formation samples should yield the same or
similar trends (Pye, 1964; Jennings et al., 1971; Jones, 1966). Figure 3.57, illustrates a
typical plot of the solution viscosity versus the polymer concentration. The solution
viscosity determined using a viscometer appears as a straight line, while the solution
viscosity determined experimentally appears as a curve.

Figure 3.57. Effect of polymer concentration on solution viscosity, showing the polymer
resistance effect in Berea sandstones (Pye, 1964)
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This phenomenon occurs due to the extremely high resistance of polymer when
flowing through porous media, which is caused by the relative pressure drop that occurs
when polymer adsorbs onto the walls of porous media. This phenomenon is expressed as
Fr, the resistance factor, which is defined as

Fr 

w  k w    p 
*

 p   w   k p 

(3.41)

where λp is the mobility of the polymer, and µp and kp represent the viscosity and
permeability of the polymer, respectively.
The resistance factor describes the effect of the mobility reduction caused by a
polymer solution; therefore, it is also known as the mobility reduction factor.


Measurement of the resistance factor.
The resistance factor can be experimentally using the following procedures:

1. Vacuum the core for half an hour to one day, depending on its permeability.
2. Saturate the core with brine solution (NaCl or KCl)
3. Measure the permeability at a known flow rate using Darcy’s law.
4. Inject polymer solution until achieving a stabilized pressure at a given flow rate.
5. Calculate the resistance factor at a constant flow rate using the following equation:

Fr= (∆Pp/∆Pw)


(3.42)

Factors affecting the resistance factor.
The resistance factor remains relatively constant at low velocities, as shown in

Figure 3.58, because polymer solution tends to exhibit Newtonian flow behavior at low
velocities. At higher velocities, the resistance factor decreases due to viscoelastic
behavior, which changes the flow behavior from Newtonian to shear thinning. At much
higher velocities, the resistance factor increases due to the elastic strain behavior of the
polymer as shown in Figure 3.59.
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Figure 3.58. Effect of flooding velocity on resistance factor (Litmann, 1988)

Figure 3.59. Effect of flooding velocity on resistance factor (Pye, 1964)
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The resistance factor is sensitive to the molecular weight, polymer concentration,
hydrolysis, polymer type, pH, and shear rate. The resistance factor increases as the
polymer’s molecular weight increases. Larger polymer molecules and chains tend to
expand in water into larger spherical or slightly elongated shapes, thus offering more
resistance to flow. Figure 3.60 illustrates the effect of a polymer’s molecular weight on
mobility reduction in Berea sandstone. The resistance factor and solution viscosity
increase as the polymer concentration increases, as shown in Figure 3.61.

Figure 3.60. Viscoelastic behavior in Berea sandstone at different molecular weights
(Jennings, 1971)

Figure 3.61. Effect of HPAM concentration on the resistance factor (Jennings, 1971)
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Figure 3.62 illustrates the effect of permeability on the resistance factor; the
resistance increases as the permeability decreases.

Figure 3.62. Effect of permeability on the resistance factor for HPAM solution (Jennings,
1971)
Another important factor in mobility reduction is the salt effect, which depends on
the type of polymer. Several polymers, such as polyethylene oxide and xanthan gum,
exhibit no significant change in viscosity upon the addition of salt. However, as shown in
Figure 3.63, polyacrylamide solution exhibits a viscosity reduction and shear dependence
with the addition of salt.

Figure 3.63. Effect of salt on mobility reduction (Mungan, 1966)
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Divalent cations (e.g., Ca+2 and Mg+2) reduce the polymer viscosity more than
monovalent cations (e.g., Na+) (Gogarty, 1967). When salt is added to the polymer, the
dissolver ionic polymer exhibits both a spherical molecular shape and rheological
behavior characteristic of nonionic polymers. Thus, fresh water should be used to prevent
the rapid decrease of both the residual resistance factor and the polymer viscosity. Figure
3.63 reveals the effect of a solution’s pH values on the mobility reduction of a
polyacrylamide. Adding a small amount of acid to the polymer solution affects the shape
of the molecules more than salt because the acid converts the ionic carboxylate groups in
the molecules into uncharged carboxylic acid groups. Intermolecular hydrogen bonds will
form, which reduce the molecular dimensions of the polymer solution.
3.2.3.2.2 Residual resistance factor. The residual resistance factor (Frr) is the
ratio of the mobility of water before and after polymer flooding. It is defined as follows:

Frr 

w before 
w after 

(3.43)
It also can be expressed as the ratio of permeability before and after polymer flooding:

Frr 

k w before 
k w after 

(3.44)

The residual resistance factor describes the reduction in water permeability after polymer
flow due to polymer adsorption. Therefore, it is also known as the permeability reduction
factor (Smith, 1970). The permeability reduction increases as the flow rate and molecular
weight increase (Jennings et al., 1971; Stanislav & Kabir, 1977). Jennings (1971)
observed that polyacrylamide causes greater permeability reduction, but biopolymer does
not cause any reduction.


Measurement of residual resistance factor.
The residual resistance factor can be measured experimentally using the
following steps:

1. Vacuum the core for half an hour to one day, depending on its permeability.
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2. Saturate the core with brine solution (NaCl or KCl).
3.MeasurethepermeabilityataknownflowrateusingDarcy’slaw.
4. Inject polymer solution until achieving a stabilized pressure at a given flow rate.
5. Flush the cores with water after they have stabilized to the polymer.
6. Measure the permeability after flushing, and calculate Frr using Equation (3.44).
3.2.3.2.3 Polymer retention. Typically, some polymer is retained when a
polymer solution flows through porous media. The three different phenomena that cause
retention include polymer adsorption to the surface, mechanical entrapment, and
hydrodynamic retention (Mareker, 1973; Chauveteau & Kohler, 1974; Hirasaki & Pope,
1974; Green & Willhite, 1998), as shown in Figure 3.64. The degree of polymer retention
is measured experimentally (Green & Willhite, 1998). It varies with the polymer type,
molecular weight, concentration, rock composition, salinity, pH, flow rate, and
temperature (Stanislav & Kabir, 1977). A detailed description of polymer retention
mechanisms follows.

Figure 3.64. Polymer retention phenomena in porous media (Modified from Aluhwal,
2008)



Adsorption. One cause of retention is polymer adsorption to the solid surface. The

interaction between the polymer molecules and the solid surface causes the former to
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bind to the latter, primarily by physical adsorption. The adsorption decreases the
polymer’sviscosityduringpropagation.
The adsorption function can be described by a Langmuir-type isotherm, as follows:

Ca 

a4 C p
1 b4C p

(3.45)

where Cp and Ca are the species concentration in the aqueous and on the rock phases,
respectively. The variables a4 and b4 are constants determined by fitting the data. The
ratio of a4/b4 determines the plateau value of adsorption. Figure 3.65 illustrates the
typical Langmuir isotherm adsorption.

Figure 3.65. Typical Langmuir isotherm shapes (Lake, 1989)



Mechanical entrapment. Both mechanical entrapment and deep-bed-filtration

phenomena cause polymer retention when larger molecules become lodged in narrow
flow pores. Dominguez and Willhite (1977) studied the retention of an HPAM polymer
solution using a core with an average permeability of 86 md, observing that the quantity
of polymer retained during linear displacement was between 10 and 21 µgm/gm for a
polymer concentration of 100 to 500 ppm. They attributed this retention to mechanical
entrapment. Huh (1990) examined polymer retention in porous media using both
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theoretical and experimental methods. He developed a model for studying mechanical
entrapment, concluding that the rate of mechanical entrapment is proportional to the flux
of the polymer and that mechanical entrapment will decrease with the amount of trapped
polymer until reaching the maximum retention. Mechanical entrapment is the most likely
reason for polymer retention within lower permeability cores, as shown in Figure 3.64.


Hydrodynamic retention. Hydrodynamic retention refers to polymers becoming

trapped behind crevices of the porous media. This retention deforms the porous structure
due to a hydrodynamic force caused by changes in the flow rate (see Figure 3.64)
(Dominguez & Willhite, 1977). The level of retention increases when the flow rate
increases (Chauveteau & Kohler, 1974). The mechanism of hydrodynamic retention is
not fully understood.
3.2.3.2.4 Inaccessible pore volume (IPV). Inaccessible pore volume is a general
characteristic of polymer flow in porous media. It has been observed in various porous
media for both polyacrylamide and biopolymer. In their experiments, Dawson and Lantz
(1972) found that the polymer solutions did not occupy all of the connected pores. They
injected both polyacrylamide (200 ppm) and salt (2% NaCl) with different velocities
through linear Berea sandstone cores. The polymer and salt breakthrough curves appear
in Figure 3.66. The salt and polymer concentration profiles clearly differ; the salt peak
was delayed, while the polymer peak was accelerated. They concluded that 30% of the
connected pores in the rock sample were inaccessible pore volume, which occurs when
large polymer molecules are unable to enter smaller pore throats in porous rock. The
large molecules only travel through the accessible pores. The inaccessible pore volume
depends on the polymer’s molecular weight, permeability, porosity, and pore size
distribution.
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Figure 3.66. Concentration profiles from the experiment (Dawson & Lantz, 1972)



Laboratory Measurements. In general, laboratory experiments conducted on

polymer flooding fall into two categories. The first category includes experiments that
focus on identifying polymer properties, such as the polymer type, molecular weight,
concentration, screen factor, viscosity, rheology (shear thinning, thickening, and
degradation), and stability. The second category includes experiments that focus on
understanding polymer flow behavior, including its mechanisms, resistance factor,
retention, inaccessible pore volume, and oil displacement efficiency. Some properties can
be determined using equations, as explained in previous sections. This section discusses
only the properties measured in laboratory settings using special devices.
o Mixing. Stock solution is prepared by stirring the solvent (brine or distilled water)
with a magnetic stirrer (Jenning, 1971; Foshee et al., 1976). The dry powder is slowly
added to a vortex and stirred for at least 2 hours until it dissolves completely. The stirrer
is slowed down to avoid mechanical degradation. Polymer solution should be stirred
overnight to ensure complete hydration. In the case of distilled water, sodium chloride
can be added to achieve the desired salt concentration.
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o Solution Filtration. The filterability test is important for measuring the quality of a
polymer solution. Commercial polymers may contain various amounts of non-dissolved
solids, bacterial contamination, and chemical materials. In addition, brine may have trace
amounts of insoluble salt. These materials may plug cores and affect mobility; therefore,
they should be removed from the solution. A solution should be filtered within 3 hours
prior to its injection into cores (Foshee et al., 1976).
 A medium glass filter (10-15 micron pore openings) is preferred for brine
solutions.
 A coarse glass filter (40-60 micron pore openings) or a Selas XF ceramic candle
is used to pre-filter larger volumes.
o Note: The filter ratio determines the filterability. A low pressure gradient across the
filter medium should be used to prevent the mechanical degradation of the polymer.
o Polymer Storage. Dry polymer should be maintained by minimizing atmospheric
exposure to prevent concentration errors. Polymer solution also requires special storage
because the solution will degrade rapidly when exposed to air.
o Dilution. Polymer is either prepared to a desired concentration or diluted with brine
to achieve the desired concentration. The desired or tested concentration is prepared from
stock or normal solution by dilution. Graduated cylinders are preferred for measuring the
volume of concentrated polymer.
o Concentration. Many researchers use the solution viscosity (capillary viscometer) or
screen factor to determine the polymer concentration. However, these methods are not
recommended for determining the polymer concentration because the viscosity of
polymer is sensitive to ion strength, and the screen factor is sensitive to degradation.
Chemical methods are more accurate for determining the polymer concentration.
o

Screen Factor. A screen factor is defined as the ratio of the flow time of the

polymer solution to the flow time of the water used to prepare the polymer solution. The
screen factor device, also known as a screen viscometer, is illustrated in Figure 3.67. This
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device is used to measure the time it takes for the polymer solution to flow through a
stack of five 100-mesh stainless steel screens held in close contact (Foshee et al., 1976;
Jennings, 1971). Average flow rates are obtained by timing the drop of either the polymer
solution or the water from the upper glass bulb to the lower glass bulb.

Figure 3.67. Screen factor device (Lake, 1989)
o Viscosity and Rheology. Many types of viscometers are available for determining
the shear rate:
 The Cannon-Fenske capillary viscometer measures the shear rate (in the range of
100 to 2000 sec) depending on the capillary size and fluid.
 A Brookfield LVT viscometer equipped with a UL adapter can be used to
determine the shear rate. This apparatus allows measurements to be taken at
different temperatures and shear rates (up to 73 sec-1).
o Thermal Stability. Thermal stability can be avoided by adding sodium hydrosulfite
to the brine, which will remove oxygen before dissolving the polymer (Muller, 1981;
Knight, 1973).
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o Mobility and Resistance Factor. The ratio of the mobility of the water to the
mobility of the polymer solution is called the resistance factor (see Section 3.3.1 for
procedures).
o Adsorption. Adsorption loss is determined by measuring the difference between the
amount of polymer introduced into a core and the amount recovered (Foshee et al., 1976).
Two methods are available for measuring polymer adsorption:
 Circulation method. A measured volume of polymer is circulated frequently
through a core specimen for 18 hours with a small piston pump. The
concentration of polymer in the recirculating fluid is obtained from a standard
curve. A correction is applied for dilution of the polymer solution, and the
adsorption loss is computed.
 Flow-through method. A volume of polymer of known concentration is injected
slowly into a core specimen and eluted with water. The effluent polymer
concentration is measured and compared with the initial concentration. Polymer
adsorption (loss) is computed as the difference between the values of the two
concentrations.
o Mechanical Degradation Test. The mechanical degradation can be tested using the
capillary shear method, which is based on injecting polymer solution from a buffer
through a stainless steel capillary tube (Zaitoun et al., 2012). After injecting a specific
volume, the effluent is collected, and the viscosity is measured and compared to the
initial viscosity of non-degraded polymer solution. The degradation rate can be
determined mathematically.

3.3. PROJECT SEMANTIC MODEL
The project semantic model includes field and pilot projects, as well as laboratory
experiments as shown in Figure 3.68. Each model contains different types of information
related to the project.
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Figure 3.68. Project semantic model for polymer flooding

3.3.1. Field Application. The application level semantic model for field polymer
flooding applications appears in Figure 3.69. Each field application includes two types of
information, the application information which includes the geographic information of
the field project, relevant field development information, and project evaluation and
achievement, and the reservoir information which includes the major reservoir and fluid
properties for evaluating the applicability of the polymer flooding method.

Figure 3.69. Application level semantic model for field polymer flooding
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3.3.2. Pilot Application. The application level semantic model for pilot polymer
flooding applications appears in Figure 3.70. This model includes application
information, reservoir properties, and polymer properties.

Figure 3.70. Application-level semantic model for pilot polymer flooding

3.3.3. Laboratory Experiments. The semantic model for polymer flooding
laboratory experiments appears in Figure 3.71. The laboratory experiments include core
and polymer information.
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Figure 3.71. Semantic model for laboratory experiments

The laboratory, pilot, and field data will be discussed extensively in Section 4.
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4. UPDATE SCREENING FOR POLYMER FLOODING

Screening is considered the first step in evaluating potential Enhanced oil
recovery (EOR) techniques for candidate reservoirs, making it important to update the
screening criteria as new technologies are developed. However, all recently published
screening criteria regarding polymer flooding were based on data collected from the biannual EOR surveys of the Oil & Gas Journal. These data have quality problems that
previous research has not addressed. In addition, the data have two limitations. Firstly,
they do not include some important information for polymer flooding screening, such as
formation water salinity, divalent concentration, polymer type and concentration.
Secondly, the field data do not represent recent polymer technology developments
because many new polymers are in the stage of lab evaluation and pilot testing. To
overcome these data quality problems and limitations, a new dataset is necessary to
establish for polymer flooding project design.
This research describes the collection of 865 projects, including 481 field projects
from the Oil & Gas Journal, 329 experimental laboratory projects and 55 pilot test
projects recorded in the literature. Table 4.1 lists the parameters available in each of the
three datasets.

Table 4.1. Parameters in Each Dataset
Parameter
Porosity, %
Permeability, md
Temperature, oF
Thickness, ft
Depth, ft
Area, acres
Oil gravity, oAPI
Oil viscosity, cp
Saturation start, %
Saturation end, %
Polymer molecular weight, MM D
Polymer viscosity, cp
Polymer Concentration, ppm
Polymer slug size, pv
Water salinity, ppm
Divalent cations (Ca2+ and Mg2+)

Laboratory
Х
Х
Х

Х
Х
Х
Х
Х
Х
Х

Pilot
Х
Х
Х
Х
Х
Х
Х
Х
Х
Х
Х
Х

Field
Х
Х
Х
Х
Х
Х
Х
Х
Х
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Compared to the field dataset alone, this comprehensive dataset provides extra
information critical to polymer flooding design, such as the molecular weight, polymer
concentration, slug size, polymer viscosity, and water salinity.
To ensure the quality of the dataset before running any analyses, box plots and
cross plots were used to identify data problems. After detecting outliers and deleting
duplicate and severely inconsistent data records, both graphical and statistical methods
were used to analyze and describe the results of the dataset. After data cleaning, the
majority distribution of each parameter was shown using a histogram distribution, and the
range of each parameter and some of its statistical values were presented using a box plot.
New screening criteria are presented based on these statistics and the defined data
parameters. The developed criteria were compared with previously published criteria, and
their differences are explained. In addition of traditional parameters, the new dataset and
criteria also some other information critical to the design of successful polymer flooding
projects, such as the salinity and temperature range of three major types of polymers:
hydrolyzed polyacrylamides (HPAM), biopolymer and hydrophobically associating
polymers.

4.1. FIELD DATASET
Polymer flooding is one of the most important enhanced oil recovery (EOR)
techniques used to improve the mobility ratio and, therefore, sweep efficiency (Alvarado
and Manrique 2010). Polymer flooding improves the mobility ratio by increasing the
viscosity of the displacing fluid (water) and reducing water permeability in a porous
media, which allows the displaced fluid (oil) to move more freely through the pores
(Sandiford 1964; Pye 1964; Gogarty 1967; Jenning et al. 1971). Polymer flooding has
been applied successfully and has improved oil recovery by 5 to15% of original oil in
place (OOIP) (Zaitoun et al. 1998; Wang et al. 2002).
The Worldwide EOR Survey gathers EOR project information from various
operators in different countries, including the USA, China, Germany, Canada, France,
Russia, Argentina, India, and Indonesia (see Figure 4.1 ). Operators in China and most of
the Union of Soviet Union did not respond to the EOR survey before 1994 (Moritis 1992,
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1994). Currently, China is the largest producer of oil via chemical EOR projects
(Alvarado and Manrique 2010). The largest polymer flooding project in the world was
implemented at Daqing field in China in 1996 (Wang et al. 2009).

Figure 4.1. World polymer projects

4.1.1. Data Collection. A dataset was created by collecting information from
polymer flooding projects. Worldwide EOR Survey published by the Oil and Gas Journal
supplied the data for this dataset, which included 481 polymer flooding projects. Figure
4.2 displays the number of polymer flooding projects for each year based on our dataset.
In 1986, the number of polymer flooding projects increased by 67.9% over the projects
reported in the 1984 survey (Leonard 1986). On the contrary, the number of polymer
projects decreased drastically between 1986 and 1988 due to the 1986 shutdown of 40
polymer projects that had not reported any enhanced production (Aalund 1988). From
1988 to 1996, the number of projects continued to decline due to decreased crude prices.
During that time, polymer flooding processes were too expensive to implement. In the
2000s, crude price began to rise, which encouraged companies to pursue additional oil
recovery (Roger et al. 2012). According to the 2008 EOR survey (Moritis 2008), some
polymer flooding projects are ongoing, approximately 20 projects in China, one field
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project in India, one project in Argentina and two in the USA. Because operators in
China have not replied with updated EOR information for several years, 2010 survey
deleted the projects in China (Koottungal 2010). Therefore, only two polymer flooding
projects were included in that survey (Koottungal 2010), and both of which are still
producing in 2012. Dataset includes successful, unsuccessful and unevaluated projects

No. of Projects

(see Figure 4.3).
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Figure 4.2. Number of polymer flooding projects, from EOR surveys 1978 to 2012
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Figure 4.3. Classification of polymer flooding projects based on the project evaluation
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Polymer flooding projects were applied to different formation types (e.g.,
sandstone, limestone, dolomite, and others). The frequency of application based on the
lithology dataset was more than 77% in sandstone reservoirs and 20% in carbonate
reservoirs (see Figure 4.4), and less than 3% other formations. (Note— some projects did
not mention the type of formation)
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Figure 4.4. Lithology of polymer flooding projects

4.1.2. Data Cleaning.

Data quality is critical in ensuring the quality of the

analysis results. EOR survey data contain many types of problems that can affect the
quality of the dataset. In this work, only data from successful projects were used for
statistical analysis.


Data Problems. The most common problems within the dataset were duplicate,

missing and inconsistent data and outliers.


Duplicate data. The duplicate data problem was observed while collecting data

from the worldwide EOR surveys. Many fields were listed numerous times with the same
values and in the same year or over different years of publications. One possible reason
for this duplication is that some countries did not update their EOR information for
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several years (Moritis 2002, 2004, and 2008), and the EOR survey did not change their
records. However, the oilfield projects for countries that did not update their information
were deleted from the 2010 and 2012 EOR surveys. To solve the problem with duplicate
data from the earlier surveys, duplicate fields were removed from the dataset.


Missing data. Several fields within the dataset were missing one or more pieces

of information, including oil saturation (start and end), permeability, depth and
temperature. The missing values as a percentage (the proportion of missing variable data
to all variable data) were follows:
o Oil saturation (start) data missing for more than 10% of fields data
o Oil saturation (end) data missing for more than 30 % of fields data
o Permeability missing for more than 10 % of permeability data
o Depth and temperature is also missing for 5 % of the data.

These missing values were ignored during the analysis.


Inconsistent data. Inconsistent data contained both discrepancies and impossible

values. Several pieces of information in the dataset were inconsistent, such as:
o Oil saturation (end) > oil saturation (start)
o Oil saturation (start) > 85%
o Oil saturation (start) < 20%
o Average reservoir permeability < 1 md.
o Porosity > 40%, and those fields are inconsistent with other field characteristics,
such as depth.
A few fields had light oil (gravity > 20 oAPI) with higher oil viscosity; for example, one
field had oil gravity = 35 oAPI and oil viscosity = 175 cp.
Most of the inconsistent data and outliers were detected by box and cross plots for
different parameters.
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Data Problem Detection. A box plot helps both to summarize a dataset and to

detect outliers within the data, as shown in Figure 4.5. A summary of the data
characteristics is provided by describing the following five numbers: 1) the lowest value
(minimum), 2) the highest value (maximum), 3) the first quartile (the 25th percentile), 4)
the second quartile (the 50th percentile), and 5) the third quartile (the 75th percentile).
The outlier values are larger than the upper limit of the data and smaller than the lower
limit of the data. The upper limit is calculated as 1.5 times the interquartile range plus the
third quartile, and the lower limit of the data as 1.5 times the interquartile range minus the
first quartile. Figure 4.5 shows two simple rectangles with different colors, representing
the first to the third quartile. The median of the dataset appears in the center (horizontal
line), and the mean of the dataset is indicated by the orange circle. The end of both
whiskers represents the minimum and maximum dataset observations.

Figure 4.5. Schematic diagram of box plot and outlier
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A cross plot was used to plot a pair of variables from the dataset. The plot helps to
uncover the relationships between these variables and to detect outliers. The box and
cross plots were combined to yield additional clarity, as shown in Figure 4.6. Figure 4.6
(a) shows the cross plot between temperature and depth, while Figure 4.6 (b) shows the
box plot for temperature. The box plot in Figure 4.6 (b) shows that data from only one
field exceeded the upper limit of the dataset (orange line). However, this data cannot be
considered an outlier because the field temperature value is consistence with other field
characteristics, such as depth and porosity; and the polymer flooding project was
successful at this temperature. Based on past EOR screenings, polymer flooding is not
recommended for reservoirs temperatures over 200 oF. However, this result indicates that
successful polymer flooding was achieved above this temperature. The cross plot also
shows that some fields had temperatures over 200oF but were not considered outliers
either for the reasons mentioned previously Figure 4.6(a).

Figure 4.6. Temperature versus depth (a) cross plot, (b) box plot

Figure 4.7 shows the cross plot between porosity and depth and a box plot for
porosity. The porosity of several fields exceeded the upper limit of the dataset in the box
plot depicted in Figure 4.7 (b). The upper limit is represented by an orange line and is
approximately equal to 30 %. These fields also appear in the cross plot in Figure 4.7 (a).
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Among all of the fields, only two had porosities exceeding 40 %; they have been circled
in Figure 4.7(a,b) to indicate their status as outliers. In addition, Figure 4.7 (a) indicates
that one deeper field that is approximately 12,000 ft is considered an outlier because this
value lies far from the majority of the dataset.

Figure 4.7. Porosity versus depth (a) cross plot, (b) box plot

The cross plot indicates the relationship between oil gravity and viscosity and the
box plot for oil gravity (Figure 4.8). Only one field that lies far from the majority of the
dataset and shows different behavior from the trend, is circled in the cross plot and
marked as an outlier Figure 4.8 (a). The oil gravity box plot shows no outliers for this
value Figure 4.8 (b).

Figure 4.8. Oil gravity versus oil viscosity (a) cross plot (b) box plot of oil gravity
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The relationship between average permeability and porosity are shown in Figure
4.9. The box plot of permeability Figure 4.9 (b) shows that several fields have values
exceeding the upper limit (orange line). The cross plot between permeability and porosity
Figure 4.9 (a) shows a few fields lying far from the majority of the dataset. These fields
have been circled and marked as outliers. The average permeability of the field circled
individually (Figure 4.9 (a)) was 0.25 md. This field is considered an outlier because the
permeability is very low and requires a polymer of a lower molecular weight. A lower
molecular weight can be manufactured, but the amount of viscosity of the polymer would
not be sufficient to make such products of interest, because a polymer’s viscosity
decreases as the molecular weight decreases, thus demanding more polymer and raising
the cost.

Figure 4.9. Average permeability versus porosity (a) Cross plot between permeability and
porosity, (b) box plot of average permeability

The oil saturation box plot does not indicate any outliers because the upper limit
(orange line) of the dataset was 100%, Figure 4.10 (b). However, the cross plot shows
several values situated far from the majority of the dataset, circled in Figure 4.10 (a). The
values falling under the trend line are considered outliers because the oil saturation (end)
of these values is greater than the oil saturation (start).
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Figure 4.10. Oil saturation (start) versus oil saturation (end): (a) cross plot (b) box plot

4.1.3. Dataset Analysis and Results. After cleaning the dataset, the number of
polymer flooding projects decreased from 480 to 251. The percentage of errors in the
dataset thus was reduced by removing problematic data. Figure 4.11 illustrates the
number of studied projects by year before and after cleaning the dataset. Two types of
method were used to display data. The first one is graphic method which includes
histogram, box plot and cross plot. The second type is statistical methods.
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Figure 4.11. Dataset of polymer projects before and after preprocessing
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4.1.3.1 Histogram distribution of polymer flooding data. Histograms are used
to display the dataset graphically and to depict the sampling distribution of the dataset.
The histogram shows the frequency of the dataset on the y—axis and the variables being
measured on the x—axis Figure 4.12. Figure 4.12 (a) illustrates the dataset for the
distribution of oil gravity. The histogram shows two peaks within the dataset, indicating a
bimodal shape (two recurring groups of numbers). The first peak includes oil gravity
values between 20 and 30 oAPI, and the second peak contains values between 30 and 45
o

API (highlighted in yellow) which represent frequency occurring oil gravity values.

Based on this result, polymer flooding was used mostly when the oil gravity was greater
than 20 oAPI and less than 40 oAPI (light and medium range oil). Figure 4.12(b)
illustrates the multimodal distribution for oil viscosity. The majority of the data points
falls between 1 and 4 cp and appear in yellow in the Figure 4.12(b). The distribution of
the oil viscosity dataset shows that polymer flooding should not be applied when the oil
viscosity higher than 130 cp; however, the distribution does not include the two polymer
flooding projects in heavy oil reservoirs (more than 1000 cp), which were implemented in
2010. We will discuss them as special cases later in this paper.

Figure 4.12. Histogram representing distribution of (a) oil gravity, (b) oil viscosity

Figure 4.13 shows the distribution of porosity and oil saturation (start). The
porosity dataset in Figure 4.13(a) shows a multimodal distribution. The highest peak is
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between 14 and 21%, which represents the majority of the porosity dataset (highlighted in
yellow). Figure 4.13 (b) depicts oil saturation (start), showing that the distribution of the
oil saturation (start) dataset is skewed to the right and contains little variance. Most of the
frequency values are between 40 and 80%. Polymer flooding typically produces better
results if it is begun before the water –oil ratio becomes high (Donaldson 1985; Du and
Guan 2004). Polymer flooding is typically intended to improve sweep efficiency rather
than to reduce residual oil saturation to a level below water flooding, even though recent
research showed that the elasticity of polymer might help reduce oil saturation
(Wenxiang et al. 2007; Hue and Pope 2008;Kamaraj et al. 2011).

Figure 4.13. Histogram representing distribution of (a) porosity, and (b) oil saturation
(start)

Figure 4.14 shows the distribution of oil saturation (end) and average
permeability. Figure 4.14 (a) shows a different distribution of the oil saturation (end)
dataset, depicting four peaks, which indicates a multimodal distribution. Each peak has a
different range of values, but the range of the highest peak is between 40 and 55 %
(highlighted in yellow). The multimodal distribution of average permeability is shown in
Figure 4.14 (b). The dataset values most frequently fell between 90 and 450 md
(highlighted in yellow).
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Figure 4.14. Histogram represents distribution of (a) Oil saturation (end), (b) Average
permeability

Figure 4.15 shows the distribution of depth and temperature. Figure 4.15 (a)
shows a multimodal distribution of the depth dataset, with the majority of data points
lying between 2,500 and 5,500 ft (highlighted in yellow). Figure 4.15 (b) represents the
temperature distribution histogram, which is characterized by a multimodal distribution.
The majority of the data points fell between 80 and 130 oF. Based on that distribution, the
temperature should be less than 210 oF because at higher temperatures, the polymer will
lose its viscosity, and the molecular weight will decrease due to degradation. Also, if
depths less than 10,000 ft, it is better to maintain a consistent temperature.

Figure 4.15. Histogram represents distribution (a) Depth (b) Temperature
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4.1.3.2 Boxplot polymer flooding data. The box plot is used not only to detect
outliers, as explained previously, but also to display and summarize the dataset for each
variable, as shown in Figure 4.16. Data value ranges were provided for each parameter
(minimum and maximum value) after removing any outliers. These ranges are illustrated
by the distance between the opposite ends of the whiskers. Box plots have different scales
because they display different ranges of various datasets. The log scale is the best choice
for displaying a large range of values. Also, the figure displays additional information,
such as the mean and median of the dataset. The mean values are indicated in the Figure
4.16 by orange circles, and the median values by the horizontal line between each set of
boxes.

Figure 4.16. Box plot of oil gravity, oil viscosity, oil saturation (start), oil saturation
(end), average permeability, temperature, porosity, and depth
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4.1.4. Summarizing and Discussion on Screening Criteria. Table 4.2 provides
a summary of polymer flooding criteria based on the above statistical analysis of the
cleaned dataset. This summary includes the parameters that contribute to the success or
failure of a polymer flooding project, including oil gravity, oil viscosity, porosity, oil
saturation start and end, permeability, depth and temperature. The standard statistics used
to describe the criteria are the mean, median, standard deviation, and minimum and
maximum dataset values.

Table 4.2. Criteria Guide for Polymer Flooding in the Dataset
Statistic

Oil
Gravity,oAPI

Oil
Viscosity,cp

%

Oil
Saturation,Start,
%

Porosity,

Oil
Saturation,
End, %

Average
Permeability,
md

Depth,
ft

Temperature,
o

F

Mean

31.2

12.21

18.15

55.18

46.57

384.88

4004.21

118.1

Median

32.00

4.00

17.40

53.00

47.00

100.00

3650

110

Standard
Deviation

8.26

19.74

5.4

14.83

13.37

874.55

1925.8

30.06

Minimum

12

0.3

4.1

21

20

0.6

550

65

36.1

85

80.9

5500

9400

210

130
Maximum

48

(special
case 1,0005000)

Figure 4.17 compares the updated, improved screening criteria with previously
published criteria. The differences between these criteria can be explained as follows:
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Figure 4.17. Comparison between different screening criteria



The maximum temperature in our dataset was 210oF, while other criteria used

temperatures less than 200oF. The most frequently used polymer for polymer flooding is
hydrolyzed polymer acrylamide (HPAM), the viscosity of which decreases steadily due
to thermal degradation as the temperature increases. However, this relationship changes
when the polymer is hydrophobically associated, which causes the polymer more
resistance to temperature than others polymers. This effect occurs because hydrophobic
association, as an entropy-driving endothermal process, is favored by high temperatures
(Yabin et al. 2001). One laboratory study showed that a polymer can remain stable up to
250oF by modifying the polyacrylamide with various monomers (Vermolen et al. 2011).
In conclusion, the development of new polymers has made it feasible to use polymers in
reservoirs with higher temperatures than ever before. In addition, at low brine salinity and
low concentration of divalent cation content (hardness), the viscosity of polymer more
stable at higher temperature.


The polymer flooding can be used in the reservoir with the oil viscosity up to 5,000

cp. The viscosity data from heavy oil fields were excluded from Figure 4.12(b) because
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(1) there were only two heavy oil fields, and (2) the oil viscosity values of those fields
varied significantly from the values of other fields. However, the heavy oil fields will be
considered as a special case, as shown in Table 4.1. The two heavy oil fields are located
in Canada and have oil viscosity ranges from 1000 cp to 5000 cp with good permeability
(500 to 5000 md). Successfully applying polymer flooding in heavy oil fields would
significantly broaden the possibilities for the application of polymer flooding. However,
higher oil viscosities require higher polymer viscosities to improve mobility ratio and
displace more oil. The higher polymer viscosity can be achieved by (1) a higher
molecular weight polymer to keep concentration low (Zaitoun et al. 1998; Wang et al.
2008). (2) A higher polymer concentrations to keep the same molecular weight (Asghari
and Nakutnyy 2008; Hincapie et al. 2011), (3) using low salinity make-up water to
prepare polymers (Strauss et al. 2010). Increasing polymer viscosity reduces the
injectivity; therefore, horizontal wells and hydraulically fracturing the formation near
wellbore if a reservoir has low mobility, may be required to meet the injectivity
requirement (Wassmuth et al. 2007, 2009; Seright 2010; Strauss et al. 2010; Chang 2011;
Moe et al. 2012).. Figure 4.18 shows the relationship of oil viscosity and permeability. It
can be seen that the two parameters have weak correlation (R2= 0.0168), which means
that a higher mobility (k/μo) is not directly related to a higher oil viscosity, but the Figure
does show that most projects with the permeability of higher than 1000 md have high oil
viscosity.

Figure 4.18. Relationship between oil viscosity and permeability
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Polymer flooding has been successfully applied in the fields with the permeability up

to 5500 md. Recent lab results show that polymer flooding has higher increased oil
recovery in reservoirs with a higher permeability (Asgari, 2008). There are some fields
with low permeability in our dataset ranges between 0.6 md and 10 md based on EOR
survey. For example one of the lower levels of permeability is in Levelland field (o.6 md)
(Taber et al., 1997; Manrique et al., 2007). Levelland field was dominated by natural
fracture (Wilkes, 1981). Another field has lower permeability value is Mabee field (1.5
md), which is highly heterogeneous (depositional facies, diagenesis, and fractures) (Qiu
et al., 2001). The most interesting with low permeability fields were successful projects
in carbonates reservoirs; Levelland, Mabee, Harris, Robertson, McElroy, C-Bar,
Slaughter, and Stephens County Regular field (Leonard, 1984, 1986; Aalund, 1988;
Manrique et al., 2007). Those fields lack of details information on polymer flood design
in the literature. Technically, flooding polymers, especially those with high molecular
weights, cannot freely flow in the formation with a permeability of 10 md because large
molecular size comparing to pore throat (Chang, 1978); therefore, it is believed that the
0.6 md is the average permeability or more possibly the matrix permeability of the
carbonate reservoir. Polymer flooding projects in carbonate reservoirs target on the
polymer entry and distribution in fractures and microfractures.


Polymer flooding has been used in the reservoir with a depth of 9,400 ft. Other

screening criteria datasets showed limited success of polymer flooding at the depths over
9000 ft. In fact, it is not necessary to consider the depth of a reservoir as a screening
criterion of polymer flooding because polymer is sensitive to the formation depth only if
temperature is considered as a reflection of reservoir depth as shown in Figure 4.6 (a).


The criteria above are the general requirements for a polymer flooding project. A

recent interest is using polymer flooding for offshore oilfields (Wei et al., 2007; Zhou et
al., 2008; Mogbo, 2011; Raney et al., 2011). However, several challenges are associated
with polymer flooding in offshore reservoirs, including unavailability of fresh water to
make-up polymer solution, large well spacing, limited platform space, and surface
facilities and environmental requirements. These challenges require the polymers to be
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fast-dissolving in water, high salinity resistance, and environmental friendly. For
example, the China Offshore Company requires the polymer used for flooding to be
dissolved in 30 minutes and thermo-stable for more than one year in seawater (Tang et
al., 2005).


There are other parameters important to the success of a polymer flooding project.

Two of these parameters are water salinity and reservoir heterogeneity. Water salinity has
a big effect on the performance of polymer in a flooding. This effect is dependents on a
type of polymer. Several polymers showed no significant changing in present of salt as
polyethylene oxide and xanthan gum. However, HPAM polymer solution is sensitive to
high water salinity. The viscosity of polymer decreases with salt increases. Also, the
polymer tends to shear degradation in high –salinity water (Maerker, 1975). Therefore in
field application most of polymer solutions were prepared with fresh or low salinity
water. Dickson, 2010, proposed that the salinity of reservoir should be less than 3000
ppm if the viscosity between 10 and 100 cp and less than 1000 if viscosity between 100
and 1000 cp. Goodlett, 1986, proposed that the water salinity should be less than 100,000
ppm .The reservoir heterogeneity also is important to make polymer more efficiency. The
heterogeneity has an effect on the success or failure of an EOR projects. The polymer
flooding projects have a low efficiency when lateral heterogeneity over 0.8 which the
projects were failure in the high heterogeneity (Henson, 2002). Taylor and Finley, 1991
showed that there only successful polymer flooding if heterogeneity is low to moderate.
In addition, Bai et al., 2004 showed that polymer flooding is acceptable if the formation
has low heterogeneity. But if the formation has severe heterogeneity, gel treatment may
be applicable. Unfortunately, our screening criteria did not include water salinity and
reservoir heterogeneity because these parameters are not available in the EOR survey.


The combination of the following parameters will widen the polymer application

envelope
o Reservoirs with high permeability and high oil viscosity can be flooded using
more viscous polymers, which increase the applicability of polymer flooding to
heavy oils.
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o Low salinity and hardness formation water allow polymers to be used in higher
temperature reservoirs

4.2. LABORATORY AND PILOT DATASET
This section presents a comprehensive dataset of polymer flooding, including data
from lab experiments, pilot tests. A few major parameters not available in previous
section but critical to polymer flooding design are included in this comprehensive dataset.
4.2.1. Description of Datasets. The data available in the literature pertaining to
polymer flooding can be divided into the following categories: lab datasets for data
collected from laboratory experiments, pilot datasets for data from pilot tests, and field
dataset for data from the EOR surveys published by the Oil & Gas Journal. Previous
Section (4.1) on field application data has been summarized. Therefore, the current study
focused more on laboratory and pilot datasets. The laboratory dataset includes the results
of 329 experimental polymer property tests, stability tests, rheology tests, and coreflood
tests. The laboratory dataset is further classified into the following three main categories
based on the types of polymers tested: (1) hydrolyzed polyacrylamides (HPAM) polymer
dataset, (2) xanthan polymer dataset (XC), and (3) associative polymers dataset (AP).
The data analysis results for each individual subset are presented in this paper. The pilot
data were extracted from technical papers published around the world, and the dataset
consists of 55 projects. The field dataset includes both oil and reservoir properties but
lacks polymer properties (i.e., molecular weight, concentration, slug size, and polymer
viscosity).
In general, each dataset included two types of data: alphabetical information and
numerical values. The alphabetical information included reference name, country, test
type, formation type, title of paper or report, polymer name, and field name. The
numerical values included both experiment and field parameters.
4.2.2. Results from the Laboratory Dataset. The laboratory dataset was built
based on results from 329 experiments published in more than 70 papers. This dataset
was classified into three main categories: (1) HPAM data, (2) XC data, and (3) AP data.
Figure 4.19 illustrates the percentage of data available in each category. 60% of lab
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experiments focused on HPAM, and 28% explored XC, and 11% explored AP. The AP
dataset is the smallest because this polymer was only recently proposed for polymer
flooding. Its utility stems from its high bulk viscosity after the polymer concentration
exceeds its critical micelle concentration (CMC) (Taylor and Nasr-El-Din, 1995).

Figure 4.19. Percentage of data available for laboratory dataset based on polymer type

The following four types of cores were used in the laboratory tests: sandstone
cores, carbonate cores, sandpacks, and micromodels. Figure 4.20 depicts their
distribution. More than 50% of the laboratory tests were carried out in sandstone cores,
including Berea, Antolini, Bentheimer, and synthetic cores.

Figure 4.20. Types of cores in laboratory dataset
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Histograms of HPAM dataset
This

dataset

includes

Lab

experiments

that

use

synthetic

polymer.

Polyacrylamide/Hydrolyzed Polyacrylamides polymer is the most polymers used in EOR
as mobility control agent for many years. The histogram and boxplot was used to display
HPAM dataset.
Figure 4.21 represents the distribution of the laboratory dataset for HPAM
polymer solution. Figure 4.21 (a) illustrates the multimodal distribution for porosity of
the dataset. The majority of the data falls between 10 and 20 % (yellow color). Figure
4.21 (b) illustrates the dataset for the distribution of permeability. The histogram shows
multimodal distribution of the dataset. The range of permeability of dataset is between
2.5 and 13,000 md, with 77% less than 1,000 md.

Figure 4.21. Distribution of the laboratory dataset for an HPAM polymer: (a) Porosity,
and (b) Average Permeability

The distribution of oil viscosity and temperature is shown in Figure 4.22. Most of
the frequency values are less than 30 cp (yellow color) Figure 4.22 (a). The viscosity of
oil is between 1 and 5500 cp. Figure 4.22 (b) depicts temperature with a multimodal
distribution. The highest peak is at the interval 68 to 86 oF (yellow color). The
temperature values are between 68 and 248 oF. This result suggests that polymer flooding
can also be applied in reservoirs with a higher temperature.
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Figure 4.22. Distribution of the laboratory dataset for an HPAM polymer: (a) Oil
viscosity, and (b) Temperature

Figure 4.23 illustrates the distribution of molecular weight and polymer
concentration. The data values of molecular weight are shown multimodal distribution of
the dataset Figure 4.23 (a). The highest peak is between 6 and 10 MMD. Several studies
have indicated that the highest polymer molecular weight exhibits a greater viscosity and
a higher recovery (Wang et al., 2004). When the polymer molecular weight is too high,
however, the polymer either cannot flow through small pores (an occurrence known as
inaccessible pore volume) or may plug the formation pore space. Thus, the relationship
between the polymer molecular weight and permeability before injection of the polymer
solution must be examined. The polymer concentration reveals a multimodal distribution
in Figure 4.23(b). Most of the frequency values are at interval 500-1000 ppm. Several
recent studies have determined that a high polymer concentration (more than 2500 ppm)
is required to improve heavy oil reservoirs (Zaitoun et al., 1998; Asghari and Nakutnyy,
2008; Hincapie et al., 2011). According to Asghari and Nakutnyy 2008, a high polymer
concentration (more than 5000 ppm) is required to increase heavy oil recovery. They
used polyacrylamide polymers to study the displacement of heavy oil with both an oil
viscosity between 1000 and 8400 cp and a 1 % brine solution in sandpack cores. This
higher polymer concentration can also improve displacement efficiency at microscopicscale achieving more than 20 % incremental oil recovery after water flooding (Demin et
al., 2001; Fulin et al., 2004).
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Figure 4.23. Distribution of the laboratory dataset for an HPAM polymer: (a) Molecular
weight, and (b) Polymer concentration
The distribution of polymer slug size and polymer viscosity is shown in Figure
4.24. Figure 4.24(a) illustrates the polymer slug size distributions, showing that the
overall slug size in the HPAM subset ranges from 0.1 to 8 pore volume (PV), and the
majority of slug sizes are in the range of 0 ~ 1 pv. Figure 4.24(b) represents the polymer
viscosity distribution, which is characterized by a multimodal distribution. The highest
peak is at 0 to 20 cp.

Figure 4.24. Distribution of the laboratory dataset for an HPAM polymer: (a) Polymer
slug size, and (b) Polymer Viscosity
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Figure 4.25 presents the distribution of water salinity in the lab experiments.
Clearly, a wide range of water salinity (250 ~ 133,470 ppm) has been studied for polymer
flooding. The water salinity is an important parameter in the successful design of polymer
flooding. The HPAM polymer has a tendency to shear degradation in high-salinity water;
therefore, polymer flooding has been applied more often in low-salinity formations
(water salinity lower than 5,000 ppm). However, the performance of HPAM polymer
under higher salinity conditions has been studied, as well (Vela and Sandvik, 1976).

Figure 4.25. Distribution of the laboratory dataset for an HPAM polymer: water Salinity



Histograms of XC dataset
Figure 4.26 shows the distribution of porosity, and average permeability. Figure

4.26 (a) illustrates a porosity distribution between 10 and 50 %. The majority of this
dataset is between 10 and 20 % .The distribution of permeability is defined at 18~6000
md as illustrated in Figure 4.26 (b). In this figure most of dataset is between 18~500 md.
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Figure 4.26. Distribution of XC polymer dataset: (a) Porosity, and (b) Average
Permeability

Figure 4.27 illustrates the distribution of temperature, and water salinity. The
distribution of temperature is illustrated in Figure 4.27 (a). The highest peak is at class
interval 68 to 86 oF. Figure 4.27 (b) depicts the water salinity distribution; the overall
range is 661~ 350,000 ppm. It includes large values of water salinity because the XC
polymer is more resistance to shear degradation in high salinity waters than are other
polymers.

Figure 4.27. The distribution of XC polymer dataset: (a) Temperature, and (b) Water
salinity
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Figure 4.28 shows the distribution of molecular weight, and polymer
concentration. The distribution of molecular weight data given in Figure 4.28(a) is
between 1 and 20 MMD. Figure 4.28 (b) illustrates the distribution of polymer
concentration, indicating that it falls into the overall range of 30 ~ 2000ppm.

Figure 4.28. The distribution of XC polymer dataset: (a) Molecular weight, and (b)
Polymer concentration

Figure 4.29 illustrates that the oil viscosity and slug size distribution has a low
frequency.

Figure 4.29. The distribution of XC polymer dataset: (a) oil viscosity, and (b) slug size
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Histograms of AP dataset
Because it is a new polymer development for which little research has been

conducted, the AP dataset does not include many data values for different parameters.
Figure 4.30 illustrates the distribution of porosity, and average permeability.
Figure 4.30 (a) illustrates that the porosity distribution has a low frequency. Figure 4.30
(b) shows that in the majority of cases, the permeability ranged from 300 ~ 12,600 md,
with most of those cases using an average permeability of greater than 3,000 md.

Figure 4.30. The distribution of the AP polymer dataset: (a) Porosity, and (b) Average
Permeability

Figure 4.31 illustrates the distribution of oil viscosity, and temperature. The
distribution of oil viscosity data is illustrated in Figure 4.31 (a). Here, the highest peak is
at class interval 200 ~ 18,700cp. Figure 4.31 (b) illustrates the distribution of
temperature; most of data is between 68 and 104 oF.
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Figure 4.31. The distribution of the AP polymer dataset: (a) Oil viscosity, and (b)
Temperature

Figure 4.32 illustrates the distribution of molecular weight, and concentration.
Figure 4.32 (a) illustrates the molecular weight dataset with a low frequency (1 ~ 3). The
majority of polymer concentration values illustrated in Figure 4.32 (b) are between 1000
and 3000 ppm.

Figure 4.32. The distribution of the AP polymer dataset: (a) Molecular weight, and (b)
Polymer concentration
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Figure 4.33 reveals that the highest peak of water salinity data is 20,000 ~
186,000 ppm.

Figure 4.33. The distribution of the AP polymer dataset: Water Salinity

Because water salinity datasets doesn’t has sufficient data for ionic components
for each lab dataset, therefore Figure 4.34 only illustrates the distribution of ionic
components for lab dataset. The sodium chloride (NaCl) has the most frequency of data
than others ionic components, which is a most responsible for the salinity of the water.
The distribution of concentration of sodium chloride is shown in Figure 4.35. The highest
peak is between 82 and 20,000 ppm, which represents the majority of the concentration
of NaCl.
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Figure 4.34. Distribution of ionic components of salt for laboratory dataset

Figure 4.35. Distribution of NaCl concentration for laboratory dataset

Divalent cations or hardness (such as Calcium (Ca2+) and Magnesium (Mg2+))
have more influence on the adsorption, mobility, permeability reduction, and degradation
of polymer than monovalent cations (Smith, 1970; Maerker, 1975; and Chang, 1978). For
example, hydrolyzed polyacrylamides (COO-) interact strongly with divalent cations.
The interaction will cause reduction in solution viscosity. Ca2+ has a more effect on
viscosity loss of polymer than magnesium ions (Ward and Martin, 1981).

Figure 4.36
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shows the distribution of divalent ion concentration of Ca2+, with the majority of data
points lying between 0 and 200 ppm. The distribution of divalent ion concentration of
Mg2+ is shown in Figure 4.37. The dataset values most frequently also fell between 0 and
200 ppm.

Figure 4.36. Distribution of Ca2+ ions concentration for laboratory dataset

Figure 4.37. Distribution of Mg2+ ions concentration for laboratory dataset
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Sufficient data for each laboratory dataset separately is not available to determine
mobility ratio. Thus, the mobility ratio was only calculated based on laboratory dataset as
one dataset (including all of types of polymer). The distribution of mobility ratio
(µo/µw/p) is shown in Figure 4.38. The most frequency distribution of mobility ratio was
between 0 and 40. Chang, 1978, reviewed that the mobility ratio should be not higher
than 50 or less than 1.0 because oil and polymer viscosity consideration.

Figure 4.38. Distribution of oil mobility for laboratory dataset



Radar plot for comparison of HPAM, XC, and AP datasets

Figure 4.39 illustrates the porosity and the average permeability dataset. Figure 4.39(a)
illustrates that the average porosity values of datasets. The average of porosity data for
HPAM, XC, and AP are 21, 24, and 31, respectively. Figure 4.39(b) reveals that low
values of average permeability for both HPAM and XC are close to center of the plot on
the two respective axes.
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Figure 4.39. Radar plot in the lab dataset: (a) Porosity, and (b) Permeability

Figure 4.40 presents the oil viscosity and the temperature values in the lab dataset.
Average of oil viscosity is shown in Figure 4.40(a), which the XC dataset has a low value
is about 40 cp comparing with HPAM and AP dataset. The highest value is near the edge
(about 4873 cp), which represents the average of oil viscosity for AP dataset. In the
laboratory, several studies have found that AP polymer can be used to recover more
heavy oil than a conventional polymer solution (HPAM and XC). Figure 4.40 (b)
illustrates the average temperature dataset. The three groups of the datasets have the
closing value of the temperature.

Figure 4.40. Radar plot in the lab dataset: (a) Oil viscosity, and (b) Temperature
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Figure 4.41 illustrates the molecular weight, and concentration dataset. Based on
these datasets, an average molecular weight for HPAM, ASP, and XA data is 10, 5, and
12 MMD, respectively, as illustrated in Figure 4.41(a). Figure 4.41(b) depicts the average
polymer concentration.

Figure 4.41. Radar plot in the lab dataset: (a) Molecular weight, and (b) Polymer
concentration
Figure 4.42 depicts the water salinity and polymer slug size values of the datasets.
The highest value is 50,869 ppm for XC dataset, followed by 43,104 ppm for AP dataset.
One of disadvantages of HPAM polymer is sensitive to the water salinity, as shown in
Figure 4.42(a). Therefore the average of brine salinity of HPAM solution is less than XC
and AP polymers dataset. Hydrophobic groups of AP polymer make it less sensitive to
salinity. Figure 4.42 (b) illustrates the dataset for the average of polymer slug size
datasets. The figure only shows the data for HPAM and XC datasets because AP dataset
doesn’thaveenoughdataforpolymerslugsize.TheaverageslugsizeforHPAMandXC
polymer is the same about 2 pv.
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Figure 4.42. Radar plot in the lab dataset: (a) Water Salinity, and (b) Polymer slug size



Box plot for comparison of HPAM, XC, and AP datasets
Figure 4.43 presenting the porosity and the permeability dataset. Figure 4.43(a)

reveals that XC can be applied when the porosity is as high as 50%, and HPAM can be
applied when the porosity is as low as 10.7%. Figure 4.43(b) indicates that polymer
flooding can be applied to high-permeability rocks, as high as greater than 10,000 md, as
well as to lower-permeability rocks, as low as less than 10 md. HPAM has been applied
in a wider permeability range, from 2 ~ 13,000 md; XC has been applied in a narrower
range, from 18 ~ 6,000 md; and AP from 300 ~ 12,600 md.

Figure 4.43. Boxplots of properties in the lab dataset: (a) Porosity, and (b) Permeability
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Figure 4.44 shows the box plot for oil viscosity and temperature data. Figure
4.44(a) illustrates that AP has been applied when the oil viscosity is as high as 18,700 cp
and HPAM when it is as low as 1.69 cp, while XC typically is applied when the oil
viscosity is approximately 50 cp. This result contradicts the traditional opinion that
polymer flooding is not recommended when the oil viscosity exceeds 200 cp. A few
successful applications of polymer flooding to heavy oils have been recorded (Aktas et
al., 2008; Buchgraber et al., 2011; Wassmuth, 2007). Wassmuth (2007) studied the
potentialforpolymerfloodingin Pengrowth’sEast Bodoreservoir.Thecorefloodwas
conducted on core samples with an oil viscosity of 950 cp. The results indicated that the
polymer flood recovered an additional 20% OOIP after water flooding. Aktas et al.
(2008) conducted two-dimensional micromodels with channels using conventional
polymer (Flopaam 3630 S) and associative polymer (SuperPusher 255) to displace the
medium viscosity oil (200 cp). Their results showed that the displacement of viscous oil
by an associative polymer solution was stable and increased the oil recovery by 33%
OOIP compared to the recovery using brine injection. Wang and Dong (2007) conducted
17 homogeneous and heterogeneous (channels) sandpack core tests to study the potential
for polymer flooding in heavy oil reservoirs with a viscosity of approximately 1,450 cp.
Their results showed that increasing the effective polymer viscosity will increase the
ultimate recovery for homogenous cores. In addition, they concluded that either a higher
concentration or a larger slug size is required to improve the oil recovery in homogenous
cores. Several studies have found that AP polymer can be used to recover more heavy oil
than a conventional polymer solution (HPAM or XC). Buchgraber (2011) conducted a
two-dimensional micromodel to displace viscous oil. Both HPAM and AP solutions have
been used to displace viscous oil when the polymer concentrations were between 500 to
2500 ppm and the crude oil viscosity was 210 cp. The results showed that AP can provide
a more stable displacement front than HPAM at a polymer concentration of 1500 ppm.
Wassmuth et al. (2012) studied the effect of polymer flooding in both homogeneous and
heterogeneous cores with heavy oil. Both HPAM and AP were used to displace heavy
oils with viscosities close to 200,000 cp (approximately 187,000 cp). Their results
indicated that the AP polymer generated more apparent viscosity than HPAM without
retention or plugging. Additionally, the recovery increased by 10% OOIP. This study and
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existing applications confirm that polymer flooding can be applied to a much wider range
of crude viscosities. Figure 4.44(b)

illustrates the temperature data collected for the

HPAM, XC, and AP datasets. All three of these types of polymers can be used at low
temperatures. HPAM has been applied to a higher temperature (248 oF) than XC or AP,
though the latter two have been applied to high temperatures in laboratory explorations.

Figure 4.44. Boxplots of properties in the lab dataset: (a) Oil viscosity, and (b)
Temperature

A stable polymer solution must be maintained at a high temperature within porous media
for a long period of time. HPAM solutions can maintain stability at half of their initial
viscosity for approximately 2 years at 248 oF in the absence of dissolved oxygen (less
than 0.1 ppb) and divalent cations (Ca2+ and Mg2+) (Seright et al., 2010). Chemical
degradation makes the polymer unstable at high temperatures and salinities. The
hydrolysis of an HPAM solution from acrylamide groups to negative charged acrylate at
a high temperature increases the polymer viscosity. If divalent cations are present,
however, the hydrolysis leads to a viscosity reduction. Moreover, the HPAM polymer can
precipitate due to hydrolysis, and in the presence of oxygen, HPAM solutions lead to
degradation. Recent studies have proven the stability of modified polyacrylamide at high
temperatures. Vermolen et al. (2011) studied the effect of HPAM under high
temperatures and salinities. The brine salinity contained divalent ions (Ca2+ and Mg2+)
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with concentrations of up to 18,000 ppm in carbonate reservoirs. The HPAM consisted of
n-Vinyl Pyrrolidone (n-VP) and 2-Acrylamido-2-Methylpropane sulfonate (AMPS)
monomers. The polymer was tested at 248 ºF for more than 180 days in brines having
salinities up to 200,000 ppm. The results indicate that the AMPS and the n-VP monomers
stabilized the HPAM polymer in higher-salinity brine and at a higher temperature. These
results will expand the application of polymer flooding in reservoirs having a high water
salinity and temperature, especially in the case of HPAM polymer, which has not been
recommended for use under high brine salinity and high temperature conditions.
Figure 4.45 illustrates the ranges of molecular weights and polymer concentration
that have been applied in lab experiments. Different polymers have been used for
different ranges of molecular weights. HPAM has been used when the molecular weight
is between 1 ~ 37 MMD (million Dalton); XC when it is between 1 ~ 5MMD; and AP
when it is between 1.3 ~ 20 MMD Figure 4.45(a). Figure 4.45(b) illustrates the ranges of
polymer concentrations that have been applied. Overall, the concentration ranges from 30
~ 10,000 ppm; most HPAM applications have concentrations of approximately 500 ~
3,000 ppm, most XC applications have concentrations of approximately 500 ppm; and
most AP applications have concentrations of approximately 1,000 ~ 2,000 md.

Figure 4.45. Boxplots of properties in the lab dataset: (a) Molecular weight, and (b)
Polymer concentration
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Figure 4.46 summarizes the water salinity distributions among reported lab
experiments. The water salinity range is 250 ~ 133,470 ppm for HPAM; 661 ~ 350,000
ppm for XC, and 5,000 ~ 185,000 ppm for AP. Because the HPAM polymer is sensitive
to water salinity, the average brine salinity of an HPAM solution is less than that of either
the XC or AP polymer datasets. XC had the highest water salinity value (350,000 ppm)
because the xanthan biopolymer is insensitive to brine salinity, being more stable and
more resistant to shear degradation at higher brine salinities (Auerbach, 1985; Cannella et
al., 1988). The xanthan molecule forms a relatively rigid rod with high hydrodynamic
volumes in solution, which causes the salt cation to have little or no effect on the polymer
viscosity (Auerbach, 1985). Overall, polymer flooding can be applied when the water
salinity is 250 ~ 350,000 ppm.

Figure 4.46. Boxplots of water salinity in the lab dataset
4.2.3. Results from the Pilot Dataset. The data for the pilot dataset, which
consisted of more than 50 projects, were extracted from papers published around the
world. The following parameters were included in the pilot dataset: porosity,
permeability, depth, temperature, oil viscosity, oil gravity, thickness, water salinity,
polymer concentration, polymer viscosity, molecular weight, and polymer slug size.
Figure 4.47 illustrates the distribution of countries included in this dataset.
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Figure 4.47.World distribution of polymer flooding pilot projects



Histograms of pilot dataset
A pilot datasets includes different parameters for oil, rock, and polymer as stated

previously in description of dataset. Figure 4.48 shows a distribution of porosity and
average permeability dataset. Figure 4.48 (a) shows that the most frequency of the
porosity data is at interval from 20 to 30 cp. The histogram in Figure 4.48 (b) shows a
multimode distribution of permeability data. The highest peak is at 1000~4000 md.

Figure 4.48. Distribution of the pilot dataset: (a) porosity and (b) average permeability
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Figure 4.49 illustrates a distribution of oil viscosity and temperature data. The
majority of oil viscosity dataset is between 0.2 and 20 cp Figure 4.49 (a). The highest
peak of the temperature data is between 80 and 120 oF as shown in Figure 4.49 (b).

Figure 4.49. Distribution of the pilot dataset: (a) oil viscosity, and (b) temperature

Figure 4.50 illustrates the distribution of molecular weight and polymer
concentration. Figure 4.50 (a) depicts the molecular weight distribution, showing that the
molecular weight can reach 37 MMD. Figure 4.50 (b) illustrates a histogram of the
polymer concentration data, in which most of the values are shown to fall between 800
and 1000 ppm.

Figure 4.50. Distribution of the pilot dataset: (a) molecular weight, and (b) polymer
concentration
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The distribution of polymer slug size and polymer viscosity is shown in Figure
4.51. The polymer slug size distribution skewed to the right, as shown in Figure 4.51(a).
The highest peak is between 0.034 and 0.2 PV. Figure 4.51 (b) illustrates distribution of
polymer viscosity data, which the majority of dataset in the 10 to 20 cp interval.

Figure 4.51. Distribution of the pilot dataset: (a) polymer slug size, and (b) polymer
viscosity

Figure 4.52 illustrates the distribution of water salinity and oil gravity data. The
distribution of water salinity is given in Figure 4.52 (a), which shows a peak between
6000 and 8000 ppm. The highest salinity reached 12,000 ppm. Figure 4.52 (b) shows a
histogram of oil gravity dataset. The most frequency of the data is between 20 ~30 oAPI.
The most of the pilot projects of the dataset with medium oil gravity follow by light oil
(oil gravity greater than 30 oAPI).
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Figure 4.52. Distribution of the pilot dataset: (a) water salinity, and (b) oil gravity

Figure 4.53 illustrates the distribution of depth and net thickness. The depth of
dataset is shown in Figure 4.53 (a) with ranges between 750 and 7240 ft. The most
frequency of data is between 3000 and 4000 ft. Figure 4.53 (b) illustrates the distribution
of thickness data. The distribution of the data is spread to the right. The highest peak is
between 10 and 50 ft.

Figure 4.53. Distribution of the pilot dataset: (a) depth, and (b) net thickness
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Figure 4.54 illustrates distribution of those parameters in the pilot dataset by box
plots. The figure shows different ranges of pilot data. The maximum values of the data
(end of whiskers) is close from the median of data for most parameters such as slug size,
porosity gravity, temperature, polymer viscosity, molecular weight, depth, and
permeability. Few box plots show a distance between the end of whiskers and the median
such as oil viscosity, net thickness, and water salinity.

Figure 4.54. Boxplots of selected properties in the pilot dataset

4.2.4. Comparison of Laboratory, Pilot, and Field Dataset. A comparison of
the three datasets can provide insight into the recent developments and applications of
polymer flooding technologies. A successful polymer flooding project requires
experimental lab evaluation and pilot testing before field application; therefore,
laboratory experiments and pilot tests represent the newest developments of synthesized
polymers, controlling methodologies, and mechanisms.


Box plot for comparison of Lab, Pilot, and Field datasets
Figure 4.55 illustrates a porosity and average permeability data for different

datasets. The maximum porosity is 50 % for laboratory, 34 and 36 % for pilot and field
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dataset, respectively, as shown in Figure 4.55 (a). The difference between permeability
data is given in Figure 4.55(b). The maximum value of permeability is 13,000md for the
laboratory dataset. The pilot and field dataset have almost the same number is 4000md
for the pilot dataset and 5500md for the filed dataset.

Figure 4.55. Comparison between laboratory, pilot, and field dataset: (a) porosity, and (b)
permeability

Figure 4.56 illustrates the oil viscosity and temperature data. The highest oil
viscosity tested in the lab reached 18,700 cp, much higher than that in pilot or field tests
as shown in Figure 4.56 (a). The comparison of the applicable reservoir temperature, as
shown in Figure 4.56 (b), indicates that some polymers tested in lab can resist reservoir
temperatures as high as 248 ºF.

Figure 4.56. Comparison between laboratory, pilot, and field dataset: (a) oil viscosity,
and (b) temperature
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Figures 4.57-4.59 illustrate the polymer properties, including the molecular
weight (MW), concentration, slug size, and polymer viscosity, that are only available in
lab experiments and pilot tests. The applicable molecular weights are compared in Figure
4.57 (a); some pilot tests applied molecular weights higher than 25 MMD, which was the
highest molecular weight reported in the lab dataset. Polymers with a higher molecular
weight will provide a higher concentration and a greater viscosity. Some reports from
China have described the applications of polymers with higher molecular weights in pilot
tests (Yang, 2006; Wang et al., 2007). Figure 4.57 (b) compares the polymer
concentrations used in lab experiments and pilot tests. The lab dataset covers a wider
range, with concentrations from 30 ~ 10,000 ppm, while the pilot tests reported
concentrations of 200 ~ 2,500 ppm.

Figure 4.57. Comparison between laboratory, and pilot dataset: (a) molecular weight,
and (b) polymer concentration

Figure 4.58 shows the polymer slug size and viscosity data. Figure 4.58(a) depicts
the applicable slug sizes. Lab experiments explored a large scope of slug sizes, from 0.1
~ 8.0 pv, while in the pilot tests, the slug sizes ranged from 0.034 ~ 0.85 pv. The
applicable polymer viscosities in the lab and pilot tests are summarized in Figure 4.58(b).
As with the other properties, the lab experiments explored a larger scope of polymer
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viscosities, from 1.4 ~ 162 cp; most cases fell into the 1.4 ~ 40 cp range, which was the
same range as in the pilot tests. However, the boxplot for the pilot dataset shows a large
number of applications under low polymer viscosity, ranging from 1.4 ~ 10 cp.

Figure 4.58. Comparison between laboratory, and pilot dataset: (a) polymer slug size, and
(b) polymer viscosity

Figure 4.59 reveals the brine salinity data for the lab and pilot datasets. The
maximum water salinity in the laboratory dataset is 350,000 ppm, and the highest water
salinity in the pilot dataset is 175,000 ppm.

Figure 4.59. Comparison between laboratory and pilot dataset for water salinity
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4.3. SCREENING GUIDE UPDATE
Screening criteria for the different types of data are provided on Table 4.3(A, B,
and C). These criteria include different parameters for polymer flooding. The table shows
a summary statistics for different parameters such as mean, median, standard deviation,
minimum, and maximum of the data. These statistics are self-explanatory. Table 4.3 (A)
shows the screening criteria for laboratory dataset includes core, fluid, and polymer
properties. Table 4.3 (B) gives the screening criteria for pilot dataset, which includes
reservoir, fluid, and polymer parameters.

Table 4.3.Updated Criteria for Polymer Flooding in the Laboratory, and Pilot
A —Criteria for the laboratory dataset
Parameters
Oil Viscosity, cp
Porosity, %
Average Permeability, md
Temperature, oF
Molecular weight, mmd
Polymer Concentration , ppm
polymer viscosity, cp
Polymer slug size, pv
Water Salinity, ppm

Parameters
Oil Gravity, oAPI
Oil Viscosity, cp
Porosity, %
Average Permeability, md
Depth, ft
Temperature, oF
Molecular weight, MMD
Concentration , ppm
polymer viscosity, cp
Polymer slug size, pv
Water Salinity, ppm

Statistics
Mean
Median Standard Deviation
1019.8
27
602
23
20
10
1163.39
365
22000
113.6
30
27
9.66
7.75
6.8
1317
950
1391.9
22.7
18.22
26
1.6
0.675
2
36975.8 20,220
58,319
B —Criteria guide for the pilot dataset

Minimum
1.69
10
2.5
68
1
30
1.4
0.1
250

Maximum
18,700
50
13,000
248
25
10,000
162
8
350,000

Minimum
13.2
0.2
11
3.9
750
71.6
5
200
1.35
0.034
500

Maximum
38
1000
34
4000
7240
195
37
2500
40
0.85
120,000

Statistics
Mean
25.405
24.98
21.1
938.9
3368.1
122.5
16.9
926.96
16.85
0.343
25519.4

Median
23
13.65
23
480
3265
119.2
13
1000
12
0.2485
6500

Standard Deviation
7.3
27.89
9.5
1051.6
1702.2
20.7
11.08
582.99
12.41
0.2413
49590.7

Table 4.4 provides updated screening criteria, which include the most critical
parameters for polymer flooding from laboratory, pilot test, and field application data.
Polymer flooding has a better chance to be successful when the properties for the given
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case fall into the ranges provided in this table. However, reservoir engineers must always
remember that given the complicated nature of reservoirs, individual screening and
detailed evaluation are always required after a successful screening (Taber, 1983 and
1997b).

Table 4.4. Criteria Guide for Polymer Flooding
Oil Viscosity, cp
Minimum

Maximum

Mean

Median Standard Deviation

1019.8

27

602

Lab

1.69

18,700

Pilot

0.2

110

24.98

13.65

27.89

Field

0.3

130

12.21

4

19.7

Notes: Oil viscosity is an important parameter for improving the mobility ratio. Based on a
statistical analysis of datasets, the maximum oil viscosity value is 18,700, 110, and 130 cp in the
laboratory, pilot, and field criteria, respectively. Due to economic and injectivity concerns,
polymer flooding was not recommended when the oil viscosity exceeds 200 cp in field
applications a few year ago. However, recent results from laboratory experiments demonstrate
that polymer flooding can greatly improve the oil recovery in heavy oil reservoirs. Higher oil
prices and new technology (horizontal wells) encourage the application of polymer flooding in
heavy oil fields.

Temperature, oF
Minimum

Maximum

Mean

Lab

68

248

113.599

Pilot

71.6

195

Field

65

210

Median

Standard Deviation

86

49

122.5

119.2

20.7

118.1

110

30
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Table 4.4. Criteria Guide for Polymer Flooding cont.
Notes: The maximum temperature is 248 oF, 195 oF, and 210 oF in the laboratory, pilot, and field
datasets, respectively. The most frequently used polymer is hydrolyzed polymer acrylamide
(HPAM), the viscosity of which decreases steadily due to thermal degradation as the temperature
increases. However, this relationship changes when the polymer is hydrophobically associated,
which makes this polymer more resistant to temperature than other polymers. The development of
new polymers has made it feasible to use polymers in reservoirs with higher temperatures. In
addition, at a low brine salinity and low concentration of divalent cation content (hardness), the
viscosity of polymer is more stable at higher temperatures.
Permeability, md
Minimum

Maximum

Mean

Median

Standard Deviation

Lab

2.5

13,000

2,000

365

2200

Pilot

3.9

4,000

938.9

480

1051.6

Field

0.6

5,500

384.9

100

874.5

Notes: Polymer flooding research has been conducted with average reservoir permeability in the
range of 2.5 to 13,000 md in the lab. Recent lab results have shown that polymer flooding yields
higher increased oil recovery in reservoirs with higher permeability .Lower permeability (less
than 10 md) should be avoided because high molecule weight polymer cannot propagate through
such a low permeability rock.

Water Salinity, ppm
Minimum

Maximum

Mean

Median

Standard Deviation

Lab

250

350,000

36975

20,220

58,319

Pilot

500

175000

25519.4

6500

49590.7

Field
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Table 4.4. Criteria Guide for Polymer Flooding cont.
Notes: Water salinity is a critical parameter for polymer flooding and has a significant impact
on the polymer thermo-stability and viscosity. Newly developed polymers are more stable at
higher salinities. The lab dataset indicates that the maximum water salinity that current
polymers can tolerate is 350,000 ppm.

Molecular Weight, MMD
Minimum

Maximum

Mean

Median

Standard Deviation

Lab

1

25

9

7.75

6.8

Pilot

5

37

16.9

13

11.08

Notes: Molecular weight is a key parameter for increasing polymer viscosity and reducing water
permeability. The higher the molecular weight, the higher the polymer viscosity. Technically,
however, flooding polymers, especially those with high molecular weights, cannot freely flow in
formations with a permeability of less than 10 md because their molecules are larger than the
pore throat (Chang, 1978). A higher polymer molecular weight is preferred in reservoirs with
higher permeability to achieve an appropriate resistance factor. Therefore, the relationship
between the polymer molecular weight and permeability first should be studied by conducting
the necessary flow tests in representative porous media. The laboratory dataset reveal that the
molecular weight of the polymer evaluated in labs ranges from 5-25 MMD. The pilot projects
with higher molecular weights (from 25 to 35 MMD) were implemented in the Daqing field,
China.
Polymer Concentration, ppm
Minimum
Laboratory
Pilot

30
200

Maximum
10,000
2500

Mean
1,317
926.96

Median
950
1000

Standard
Deviation
1391.9
582.99

Notes: Based on the laboratory criteria, a higher polymer concentration is required to improve
oil recovery for a heavy oil reservoir because the high concentration can result in high
viscoelastic of polymer solution, which can help to reduce residual oil saturation.
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Table 4.4. Criteria Guide for Polymer Flooding cont.
Polymer Viscosity, cp
Minimum

Maximum

Mean

Median

Standard Deviation

Laboratory

1.4

162

22.7

18.22

26

Pilot

1.35

40

16.85

12

12.41

Notes: The success of polymer flooding is determined by the magnitude of the polymer
viscosity. Decreasing the polymer viscosity will reduce the efficiency of polymer flooding. The
polymer viscosity can be affected by a number of factors, including brine salinity, polymer
concentration, temperature, shear rate, molecular weight, divalent cations and oxygen.
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5. PREDICTIVE MODELS FOR OIL RECOVERY FOR POLYMER FLOODING
FIELD APPLICATIONS
Regression analysis is a statistical method for estimating the relationships
between a dependent variable and one or more independent variables. Regression
analysis assists in understanding how the typical value of the dependent variable changes
with the independent variables. Regression analysis is widely used for prediction and
forecasting by revealing the significance and correlation of the independent variables to
the dependent variable. Regression analysis has been widely used to solve petroleum
engineering problems (Bandyopadhyay, 2011; Christensen, 1999; Yang et al., 2010).
However, literature research did not find applications of regression analysis in oil
recovery prediction using the same or similar set of reservoir and fluid parameters. This
study explored regression analysis as tools to reveal the complicated relationships among
oil recovery and other reservoir and fluid properties, and correlations generated can be
used as prediction models.

5.1. DESCRIPTION OF THE MODEL DATASET
A dataset was created by collecting information from enhanced oil recovery
(EOR) surveys of Oil&Gas journal. These surveys included many EOR processes as
thermal (steam, combustion in situ, and hot water), gases (Co2 miscible and immiscible,
nitrogen, flue gas [both miscible and immiscible], chemical (Miceller-polymer, polymer,
Caustic/alkaline/surfactant), and microbial data. The Worldwide EOR Survey regularly
gathers EOR project information from various operators in different countries, including
the United States, China, Germany, Canada, France, Russia, Argentina, India, and
Indonesia. The dataset reviewed in this study included 481 polymer flooding projects.
The reservoir and geology data collected contained information on well spacing (area,
acres), oil gravity (oAPI), oil viscosity (cp), porosity (%), permeability (md), depth (ft),
temperature (oF), initial oil saturation (%), end oil saturation (%), and formation type
(sandstone or carbonate). This data contained production data, total production data (bbl.
/day), and enhanced oil production (bbl. /day).
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Unfortunately, this also contained a number of problems that affected the
dataset’squality.These problems(duplicate,missing, andinconsistent data),aswell as
the cleaning, are described in Section 4.1. Table 5.1 includes a portion of the worksheet
taken from the field dataset that contains both duplicate fields and missing values. Many
fields are listed numerous times with the same values and either in the same year or over
different years of publications. Moreover, several fields within the dataset were missing
one or more pieces of information, including oil saturation (start and end), permeability,
depth, and temperature.

Table 5.1. Polymer Flooding Projects in EOR Survey that Contain Both Duplicate and
Missing Data

After removing the duplicate records and those having missing values, only 82
projects were used to construct the predication models, among 75 records were randomly
selected to build the model, and the remaining records were used to validate the model.
Among reported reservoir and fluid properties, the following parameters were chosen for
the model: area, oil gravity, oil viscosity, oil saturation before polymer flooding,
formation porosity, permeability, depth, and temperature. These parameters are
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determined based on the availability in the EOR survey data and the polymer flooding
EOR mechanism.

5.2. REGRESSION ANALYSIS
Regression analysis is a statistical technique that is used to investigate and model
the relationships between one or more independent variables(X) which are also known as
either predictors or explanatory variables, and a single dependent variable (Y) or the
response. Thus, the regression explains how the response (Y) changes as the predictors
(X) change (Weisberg, 2005). Among varied regression analysis methods, linear
regression is one of the first considerations. The linear regression can be defined as the
following types:


Simple linear regression:

A simple linear regression studies the relationship between a response (Y) and a single
variable (x). This relationship is expressed as

Yi   o  1 xi   i

(5.1)

where Y is the predicted value (or expected value), β0 is the intercept parameter, and β1 is
the slope parameter, and both βo and β1 are commonly known as regression coefficients.
Theresidual(εi) represents the model error (variance). It is assumed to be constant with a
positive value that is unknown.


Multiple linear regression

Multiple linear regressions are used to evaluate the relationship between a single response
(Y) and more than one predictor variable (x1, x2, x3, …, xp). The general form of the
multiple linear regression equation is given by

Yi  o  1x1  2 x2  ....   p x p   i

(5.2)
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The βs are the regression coefficients (unknown parameters).
When β0 is equal to zero (without an intercept), Equation (5.2) can be written as
Yi  1 x1  2 x2  ....   p x p   i

(5.3)

If X takes on the value of zero, Y has a mean of zero.

Multiple linear regressions follow these assumptions:


Existence: Y is a random variable that is dependent on the values of x1, x2, x3, …, xp;



Linearity: the Y value is a linear function of x1, x2, x3, …, xp;



Independence: The Y values are independent of one another ;



Normal distribution: both Y and Xs follow normal distributions;



Homoscedasticity: the variance of Y is the same for any fixed values of the variables
x1, x2, x3, …, xp.
5.2.1. Analysis of Variance (ANOVA). The analysis of variance is useful when

two or more fitting models are compared for the same data. Different significance tests
can be used, such as hypothesis which is tested by the F-test.


Hypotheses Test: The hypotheses test decides whether or not a relationship exists

between the response and the predictor variables. The null hypothesis (H0) is tested
against the alternative hypothesis (Ha), which are described below.

H0: β1= … = βk=0 (all regression coefficients are equal to zero)
Ha: βi # 0 for at least one of the coefficients non-zero, where i=1, 2, 3, 4, 5, …k. The
hypothesis is tested by the F-test.


F-Test: The F-test tests the variances of two populations. F statistic is defined as

F 

SSR k 
SSE n  k  1

(5.4)
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where SSE is the sum of squares of residuals that represent the variation unexplained by
regression. SSE is determined as

SSE  i 1  yi  yˆ i 

2

k

(5.5)

Where yi is the observed value and ŷi is the predicted value, and i=1, 2,..., k.
SSR is the sum of the squares of residuals that represent the variation explained
by regression, which is represented as:



SSR  i 1 yˆ i  yˆ i
k



2

(5.6)

where ŷ i is the mean value of ŷi
In general, if the null hypothesis H0: β1=0 is true, that indicates no evidence that a
change in x is associated with a change in y. On the other hand, rejection the null
hypothesis H0: β1=0 indicates that changes in x cause changes in y. The null hypothesis is
rejected at significance level α, if (F > F k, n-k-1) or equivalently if

p  value  

.

The p-value is equal to P (Fk, n-k-1>F).
The analysis of variance is often summarized in a table, as shown in Table 5.2.
The source column refers to the source of variation. The DF column gives the number of
degrees of freedom associated with each named source. The SS column gives the
associated sum of squares. The MS column gives the mean of square, which computes
from dividing sums of squares by the corresponding df. The F column gives the overall
F-test.

Table 5.2. ANOVA Summary
Source

DF

SS

MS

F

Model (Regression)

K

SSR

MSR=SSR/k

= MSR/MSE

Error (Residual)

n-k-1

SSE

MSE= SSE/n-k-1

Total

n-1

SST
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where SST is the total variation in the y values, which can be defined as

SST  i 1  yi  y 

2

k

(5.7)

5.2.2. Multiple Regression Diagnostic (Residuals). Regression diagnostic is a
part of the regression analysis that determines whether the expected values and
assumptions are consistent with the observed data. The residual value (for each data
point) is calculated as the differences  yi  yˆ i  . A positive result indicates the data point
higher than expected, and a negative result indicates a point is lower than expected. The
regression diagnostic is represented by plotting the residuals of the data points on the yaxis versus the predicted values on the x-axis (scatter plot). This plot is capable to check
multiple linear regression assumptions, such as linearity, equal variance, and normality
assumptions. If these assumptions are valid, the data points should be randomly scattered
around the horizontal line without an obvious pattern away from the horizontal line and
through the origin.
5.2.3. Fitting Evaluation Criteria. A number of criteria are used to evaluate the
fitnessofaregressionmodel(e.g.,thecoefficientofdetermination,Mallows’Cp,andthe
mean square error [MSE]. A brief introduction of these criteria is presented below.


The coefficient of determination (also known as the R-square statistic, R2)
The coefficient of determination measures the proportion of the total variation in

response (y) that is explained by a linear model. This value is always between 0 and 1 as
a fraction or 0 and 100 as a percent. It is defined as

 SSE 
R2  1 

 SST 

(5.8)

The R2 equation can be written as
k

 yi  yˆi 2


i 1
R 1 
2
 k yi  y
ˆi
i 1

2











(5.9)

If the regression line passes through the origin (in the case of zero intercept), Equation
(5.9) becomes
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 k  yi  y
ˆ i 2

i
R 1
k
2

 i 1  yi 
2






(5.10)

The best fit model will be with R2 equaltoonewhichmeansthatthepredictor’svalues
(x) allow perfect prediction of response (y).


Adjusted R square statistic (adj R2)
The adjusted R2 statistic is an alternative to the R2. The adjusted R2 takes into

account additional independent variables in the model. The adjusted R2 is considered a
better statistic than R2 for comparing models. This statistic is calculated as

 ni 
 1  R 2
adjR 2  1  
n p





(5.11)

A model that has a good value (close to one) of adjR2 indicates a good fit of the data.


Mean square error (MSE)

TheMeansquareerrorevaluatesapredicator’sperformance.Agoodstatisticalmodelhas
a low mean square error. The Mean square error can be defined as

MSE 

SSE
n  k  1

(5.12)

where n is the number of observations used in the model, and k is the number of
variables.


Mallows’Cp
Mallows’ Cp is named after Collin Lingwood Mallows, and is used to evaluate

the fit of a regression model that has been estimated using ordinary least square.
Mallows’Cpisconsideredtobeasagoodcriterionforselecting a model. This statistic
is defined as

 SSE 
C p   2   n  2 p 
 s 

(5.13)
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Where n is the number of observation, p is the number of variables in the model, and s2 is
themeansquareerror(MSE)forthefullmodel.Mallows’Cpmustbeclosetop to select
the model.
5.2.4. Model Selection. In order to construct a better model, the stepwise method
was used to determine which variables affect the response. It was also used to form a
model without including unimportant regressor variables. Unimportant regressor
variables are those variables that have unstable regression coefficients and, very often,
poor predication. The stepwise method is a combination of the forward and backward
selection techniques. It provides several criteria that can be used to select the model (e.g.,
R2, adj R2,MSE,andMallows’Cp).

5.3. RESULTS AND DISCUSSION
5.3.1. Full Linear Regression Model for Recovery. In the full multiple linear
regression model for oil recovery defined in the Equation (5.14), the variables include
reservoir areal size, oil gravity, oil viscosity, formation porosity, oil saturation before
polymer flooding, formation permeability, formation depth, and reservoir temperature.
Once the variables have been selected, it is important to look at the relationship between
pairs of variables within the dataset. The scatterplot for the dataset is illustrated in Figure
5.1. Each plot in the figure relates to a particular predictor variable. The scatterplots show
no obvious linear relations between any pair of these variables, so that these variables can
be selected as independent variables or predictors in this study. The dependent, or
response variable (Y), is the oil recovery defined as the difference of oil saturation before
and after the polymer flooding, as expressed in the Equation (5.14).

Re cov ery  So start   So end 

(5.14)

where So(start) is average oil saturation before polymer flooding, and So(end) is average
oil saturation after polymer flooding . In this case, the regression model would pass the
origin because if the starting oil saturation So(start) is zero, the finishing oil saturation
So(end) has to be zero, resulting the recovery as zero.
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Figure 5.1. Scatterplot matrix for predictor variables

Figure 5.2 illustrates the regression diagnostic or residual (the difference between
observed and predicted value) plots of the predictor variables. Most of these plots exhibit
a null plot and exhibit no obvious pattern, which indicates the correctness of linearity and
normality assumptions. Two plots, in those for oil viscosity and permeability data, show
outlying observations.
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Figure 5.2. Residual plots of selected variables

The distribution of residuals is illustrated in Figure 5.3 with both a histogram and
a Q-Q or normal probability plot. The histogram shows the residuals appear normally
distributed. The Q-Q plot also indicates that the normality assumption is valid. Therefore,
the linear regression diagnostic plots were satisfied, and the linear regression is selected
to model the recovery using the selected variables.
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Figure 5.3. Residual distribution

Table 5.3 summarizes the results from the multiple linear regression analysis. The
overall F-test was significant (P-value = 0.0001 < 0.05) as shown in Table 5.3.

Table 5.3. Analysis of Variance for Full Recovery Model

Additionally, some variables were significant based on P-value including area, oil
gravity, oil viscosity, and average oil saturation start. Other variables including porosity,
permeability, depth, and temperature were not as significant in this recovery model, as
shown in Table 5.4.
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Table 5.4. Parameter Estimates for Full Recovery Model

In this regression analysis, the R2 and the adjusted R2 were 79 % and 77%,
respectively, as shown in Table 5.5.

Table 5.5. Regression Analysis for Full Recovery Model

Both the insignificant variables and the outliers were removed before the model
was refitted to improve the fitting. The overall fit of the model, however, was not better
than a previous fit. The oil viscosity was no longer significant, and the R2 was reduced to
75 %, as shown in Table 5.6.
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Table 5.6. Regression Analysis without Outliers for Full Recovery Model

Another suggestion was made to improve fitting the model. This suggestion was
to predict the saturation end (after flooding) rather than the recovery. After the saturation
end was predicted correctly, the recovery would be calculated with Equation (5.14).
5.3.2. Full Linear Regression Model for So(end). The dataset used in the
saturation end model was the same data used in the recovery model. The full model used
to predict the saturation end included a single response (So(end)) and eight independent
variables as discussed in the Section (5.3.1).The most regression diagnostic plots exhibit
a null plot and not obvious pattern, which indicates the correctness of linearity and
normality assumptions, as shown in Figure 5.4. In addition, the histogram shows the
residuals appear normally distributed (Figure 5.5).

Figure 5.4. Residual plots for full So (end) model
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Figure 5.5. Residual distribution

The results gathered from this model were quite similar to the recovery model with two
exceptions:

R2 improved from 79 % in the recovery model to 97.7% in the So(end) model.



And adj R2 improved from 77% in the recovery model to 97.4 % in So(end) model, as
shown in Table 5.7.

Table 5.7. Regression Analysis for Full So (end) Model



Table 5.8 lists the results collected from So(end) (full model), including the actual
value (saturation end), and the predicted value.
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Table 5.8. Results for Full So (end) Model
Area,
Acres

Oil
Gravity

Oil
Viscosity,
cp

Porosity,
%

Saturation,Start,
%

Permeability,
md

Depth,
ft

Temperature,
of

Actual
Value

Predicted
Value

567

15

75

21

65

471

4050

150

56

54.9121

13005

38

15

14.5

43

21.8

7400

168

40

38.8041

13500

32

2.38

10.5

45

1.5

4700

100

44

45.3163

3994

40

1.03

15.4

55

164

6100
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50.5

44.6948

8800

40

4.4

17.9

68

2200

3600

104

41

57.8864

712

23

3.2

16.5

55.3

95

7600

130

44.9

43.4052

2880

39

4

30

51

27

2880
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48

47.3288

187000

13

4000

29

70

4000

1500

60

40

36.2597

7406

31

1.47

11.2

49.4

6.02

5000

105

45.6

46.5191

421

41

1.45

18

61

200

3300

95

47

45.8046

4813

20

20

24

84

112

4950

150

75

73.2319

397000

16.5

5000

30

80

5000

1300

63

30

33.0329

4778

33.4

4.8

15.3

29.8

48

4900

83

28.7

32.1494

1920

39

0.3

25

34

25

2500

125

32

34.384

The insignificant variables in the recovery model were the same variables in the
So(end) model (Table 5.9). The stepwise method was also used to remove the
insignificant parameters.

Table 5.9. Parameters Estimate from the So(end) Model
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5.3.3. Reduced Model for So(end). In order to construct the reduced model, the
stepwise technique was first used to establish the independent model that affects the
response variable significantly. Both response variable and the independent variables
were the same as Full So(end) model. The model selection criteria assessed the selected
model. The model fit statistics (criteria), Adj R2, CP, were included in the model. The
selected model is the model listed at step 5 in Figure 5.6.

Figure 5.6. Fit criteria for saturation end model

Table 5.10 shows that the selected model for the So(end) at 5th step have smallest
values for PRESS , MSE, and CP and highest value for R2 at 97.6 % .

Table 5.10. Stepwise Selection for Selected Model
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All of the independent variables selected for the best model were significantly better than
those used in Full So(end) model as shown in Table 5.11.

Table 5.11. Fit Statistic for Selected Model
Variable
F Value
Saturation_Start
1761.05
Oil_Viscosity
17.32
Area_log
11.73
Oil_Gravity
6.45
Depth
6.24

Step
1
2
3
4
5

Pr > F
<.0001
<.0001
0.0010
0.0133
0.0149

The final saturation end equation is
S o (end )  3.044629 A  0.252698 o  0.011081 o  0.692322S o start   0.001286D (5.15)

where A is the logarithmic of the reservoir areal size in acres, γo is the oil gravity in oAPI,
µo is the oil viscosity in cp, and D is the formation depth in ft.
In order to validate the model constructed, a validation set was selected randomly.
The predicted results and reported values are compared, as listed in Table 5.12.

Table 5.12. Validation Data
Area,
acres

Oil
Gravity,
o

API

Oil

Saturation Depth, Actual Predicted

Viscosity,cp

Start,%

ft

values

values

427

23

12

80

1950

65

65

3800

30.8

1.47

45

5818

44

41

145

20

10

83

1900

68

65

1440

39

3

48

2900

44

42

2448

40.6

0.92

37

6500

34

31

2368

39.3

0.885

42

7100

34

34

9360

35

2.8

50.7

3650

46

49
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6. CONCLUSIONS AND RECOMMENDATIONS

6.1. CONCLUSIONS
A polymer flooding domain was constructed based on relations among major
concepts and data from different sources; laboratory, pilot and field data. Different
methods were used to build and analyze the datasets.
Multiple linear regression techniques were used to develop the equation that can
be used to predict the oil recovery based on rock and fluid properties in field dataset.
The conclusions from this study are as follows:


This study provides a first sharable semantic knowledge repository for polymer
flooding to the industry.



This study constructs a comprehensive polymer flooding dataset which is composed
of laboratory, pilot, and field data.



The project provides a valuable guideline for data quality management, analysis of
data, and screening criteria.



A histogram and box plot served as a very helpful tool for exploring and displaying
the screening criteria dataset.



The comparison of the HPAM, AP, and XC datasets clearly highlights the advantages
and disadvantages of each type of polymer.



Based on the analysis of laboratory dataset, the recent development of polymer
flooding techniques can be summarized as follow:
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o Polymer flooding can be applied successfully for heavy oils but required a higher
polymer concentration.
o Some polymers, such as the associative polymer, show a promising resistance to
high brine salinity.
o Modifying polymers are more stable at higher temperatures and more resistant to
temperature.


After comparing the laboratory, pilot, and field datasets, it is clear that the new

techniques

that have been developed successfully in lab and tested in pilot have a

promising potential for field-scale applications. The results of this paper indicate that
polymer flooding can be applied to a much wider range of oilfields than previously
thought impossible.


New polymer flooding criteria were presented based on laboratory, pilot, and field
dataset.



Multiple linear regressions provide a useful tool to evaluate the effect of several
parameters on oil recovery.
o The stepwise technique was used to select the best model based on significant
parameters. A coefficient of determination of 97.6 % was achieved for saturation
end model.

6.2. RECOMMENDATIONS


Enlarge field dataset.
o The current field project data are only from EOR survey in Oil & Gas Journal, it
is necessary collect more field projects from other resources.
o Some major parameters that have a significant impact on the success of polymer
flooding projects were not included in the field dataset; therefore, it is necessary
to collect theses data, including polymer type and concentration, permeability
variation, water salinity and hardness. These parameters should be considered
while evaluating polymer flooding candidates.

148


Based on the analysis of laboratory dataset, polymer flooding shows an improvement

of sweep efficiency for heavy oil. Thus, it is important to include the application of
polymer flooding in heavy oil fields in the future. That will cause the big change on
screening criteria for polymer flooding.
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